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ABSTRACT
Photometric surveys with the Hubble Space Telescope (HST) remain one of the most
efficient tools in astronomy to study stellar clusters with high resolution and deep cov-
erage. Estimating physical parameters of their constituents from photometry alone,
however, is not a trivial task. Leveraging sophisticated stellar evolution models one
can simulate observations and characterise stars and clusters. Due to observational
constraints, such as extinction, photometric uncertainties and low filter coverage, as
well as intrinsic effects of stellar evolution, this inverse problem suffers from degenerate
mappings between the observable and physical parameter space that are difficult to de-
tect and break. We employ a novel deep learning approach called conditional invertible
neural network (cINN) to solve the inverse problem of predicting physical parameters
from photometry on an individual star basis. Employing latent variables to encode in-
formation otherwise lost in the mapping from physical to observable parameter space,
the cINN can predict full posterior distributions for the underlying physical parame-
ters. We build this approach on carefully curated synthetic data sets derived from the
PARSEC stellar evolution models. For simplicity we only consider single metallicity
populations and neglect all effects except extinction. We benchmark our approach on
HST data of two well studied stellar clusters, Westerlund 2 and NGC 6397. On the
synthetic data we find overall excellent performance, with age being the most difficult
parameter to constrain. For the real observations we retrieve reasonable results and
are able to confirm previous findings for Westerlund 2 on cluster age (1.04+8.48−0.90 Myr),
mass segregation, and the stellar initial mass function.
Key words: methods: data analysis – methods: statistical – stars: formation – stars:
fundamental parameters – stars: pre-main-sequence – galaxies: clusters: individual:
Westerlund 2, NGC6397.
1 INTRODUCTION
Machine learning (ML) employs statistical models to predict
the characteristics of a dataset using samples of previously
collected data without relying on physical models of the sys-
tem. The introduction of ML for solving regression, clas-
sification and clustering problems has revolutionised scien-
tific research, and in particular has provided effective meth-
? E-mail: v.ksoll@stud.uni-heidelberg.de
ods for analyzing big astronomical data (Feigelson & Babu
2012; Ivezic et al. 2014). In order to construct a model from
observed data, machine learning methods rely on human-
defined classifiers or ’feature extractors’ (Hastie et al. 2009).
However, complex problems require algorithms that auto-
mate the creation of feature extractors using large amounts
of data. These algorithms represent a family of ML tech-
niques, named deep learning, and they are based on the
construction of artificial neural networks (NNs; Goodfellow
et al. 2016). While training NNs requires significant com-
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putational power, they achieve far higher levels of accuracy
than classic ML for many non-linear problems. In this pi-
lot study we employ invertible NNs to infer stellar ages and
masses from Hubble Space Telescope (HST) imaging of two
well-studied stellar clusters. Our aim is to explore the effi-
ciency of NNs in extracting stellar physical parameters from
photometry alone. We train our networks using modeled-
observable properties relations provided by theoretical evo-
lutionary models.
Star clusters, the building blocks of galaxies, are the
signposts guiding our understanding of the formation and
evolution of stars. This understanding stems from the phys-
ical properties of stars in clusters, being deduced from de-
tailed comparisons of photometric observations to theoret-
ical evolutionary models. The interface where observations
meet theory is often provided by the observational colour
magnitude diagram (CMD) and its theoretical counterpart,
the Hertzsprung-Russell diagram (HRD). In the HRD two
physical properties of stars, the effective temperature and
the luminosity, are compared to stellar evolutionary mod-
els to determine fundamental stellar parameters, the initial
mass and the age of the star, which are not directly accessi-
ble by observations alone. This comparison can be directly
performed through fitting of isochronal evolutionary models
to the observed CMDs, a method which lacks proper sta-
tistical basis because the relations between observables and
physical properties may present degeneracies that need to
be accounted for. More advanced methods, based on Bayes
statistics, derive probabilistically the cumulative properties
of star clusters, such as the mean age, in terms of posterior
probability distribution functions of the properties of indi-
vidual stars, e.g. the age (see Valls-Gabaud 2014, and refer-
ences therein). These methods provide a significant improve-
ment by tackling the intrinsic model degeneracies through
priors on the stellar initial mass function, binary fraction, or
extinction distribution (e.g. Jørgensen, B. R. & Lindegren,
L. 2005; Da Rio et al. 2010).
Bayesian inference encompasses a specific class of ma-
chine learning models, i.e. those based on strong prior intu-
itions. However, these priors do not add significant value in
the case of big data, and are computationally expensive and
slow. As a consequence, other ML methods are employed
to infer stellar physical parameters from photometry. The
most successful techniques developed so far are generally
based on time-domain observations, such as light curves us-
ing photometric-brightness variations (e.g. Miller et al. 2015)
or time-series asteroseismic observations (e.g. Bellinger et al.
2016). These methods make use of various instances of each
specific target star in time, a dataset which cannot be easily
obtained for rich stellar samples in compact clusters. Inves-
tigations of stars in clusters normally rely only on ’static’,
rather than time-dependent imaging, which cannot be ad-
dressed by classic ML methods. Moreover, it is now well un-
derstood that parameter degeneracies encoded in the evolu-
tionary models make the problem of inferring stellar masses
and ages from photometric measurements a non-linear prob-
lem. The solution of such problems calls for the employment
of artificial NNs.
For many applications in natural sciences, the forward
process of determining measurements from a set of underly-
ing physical parameters is well-defined, whereas the inverse
problem is ambiguous because multiple parameter sets can
result in the same observation (i.e., degeneracies). Classi-
cal neural networks attempt to address this ambiguity by
solving the inverse problem directly. However, to fully char-
acterise degeneracies, the full posterior parameter distribu-
tion, conditioned on an observed measurement, must be de-
termined. A particular class of neural networks, so-called in-
vertible neural networks (INNs), is well suited for this task
(e.g. Ardizzone et al. 2019a). Unlike classical neural net-
works, INNs learn the forward process, using additional la-
tent output variables to capture the information otherwise
lost. This invertibility allows a model of the corresponding
inverse process to be learned implicitly, providing the full
parameter posterior distribution for a given observation and
corresponding distribution of the latent variables. INNs are
therefore a powerful tool in identifying multi-modalities, pa-
rameter correlations, and unrecoverable parameters.
In this paper we present the application of invertible
neural networks to the regression problem of predicting
physical parameters of individual stars based on observed
photometry. As mentioned above, in general this task is
prone to errors due to the many sources of degeneracy in the
mapping from physical to observable space, such as metallic-
ity, extinction, variability, binarity and the intrinsic overlap
of certain phases in stellar evolution in the observable space,
e.g. the red giant branch and the pre-main-sequence. Since
our primary goal is to test the viability of the method, in
this paper we neglect some of these factors, adopting the
following simplifying assumptions: 1) We only deal with sin-
gle metallicity populations, 2) we obtain an estimate of the
individual stellar extinction of the query stars, 3) we assume
perfect observations, so we do not include photometric er-
rors, and 4) we exclude effects from variability or binarity.
We train and test our method on synthetic data from
the PARSEC stellar evolutionary models (Bressan et al.
2012) and perform a benchmark study on real observational
data from the Hubble Space Telescope (HST) of the young
star forming cluster Westerlund 2 and the old globular clus-
ter NGC 6397. These clusters are chosen for our pilot study
due to their well-defined single ages (Zeidler et al. 2016;
Brown et al. 2018), allowing for an accurate evaluation of
our results.
In Section 2 we summarise the physical properties of our
benchmark targets and the reduction of the observational
data from their respective surveys. Furthermore, we outline
the construction of our training sets from the synthetic data
provided by the PARSEC models. In the following Section 3
we elaborate the background of the invertible neural network
approach and provide details of the final architecture of our
models as well as the performance measures used to eval-
uate their success. Section 4 summarises the performance
of the cINN on the synthetic test data for each of our four
training sets and in Section 5 we present the prediction out-
come on the real observational data for both Westerlund 2
and NGC 6397. In section 6 we discuss possible future exten-
sions of our approach beyond the simplifications assumed for
this work. The final Section 7 summarises our key findings.
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Figure 1. Left: Colour magnitude diagram of our Westerlund
2 data set. The red line represents a 1 Myr PARSEC (Bressan
et al. 2012) isochrone corrected for the median stellar extinction
and distance modulus of Wd2. Right: UV-I colour magnitude
diagram of the NGC 6397 photometric catalogue from the HUGS
project.
2 DATA SELECTION AND PREPARATION
2.1 Observational Data
To test our neural-network-based approach to predicting
physical parameters of stars on real observational data we
use two ’well behaved’, supposedly single age (or close to)
stellar clusters for which very-high spatial resolution HST
observations are available, namely the young massive star
forming region Westerlund 2 (hereafter referred to as Wd2)
located within the Milky Way and the old globular cluster
NGC 6397 belonging to the galactic halo.
2.1.1 Westerlund 2
Wd2 is one of the most massive star forming clusters in
the Milky Way, harboring a total stellar mass larger than
104 M (Ascenso et al. 2007). It is located in the Carina-
Sagittarius arm at a distance of 4.16 ± 0.33 kpc (Zeidler
et al. 2015) from the Sun. At an age of 1.04 ± 0.72 Myr
(Zeidler et al. 2016) Wd2 makes for an excellent example of
a young massive cluster at solar metallicity still in its early
star formation stages within close proximity to the Sun.
While Wd2 exhibits an average total-to-selective extinction
of RV = 3.95 ± 0.135 that is larger than the galactic average
RV = 3.1, the cluster is only affected by relatively low
differential reddening with E(B − V)g = 1.87 mag (median
color excess of the gas; Zeidler et al. 2015). For our following
considerations we adopt RV = 3.8 to be both in agreement
with the findings of Zeidler et al. (2015) as well as the
spectroscopic observations of Carraro et al. (2013) and
Vargas A´lvarez et al. (2013) who suggest RV = 3.85 ± 0.07
and RV = 3.77 ± 0.09, respectively. Thus, the corresponding
median gas extinction of Wd2 lies at AV,g = 7.1 mag.
Combining multi epoch HST images taken with the
Wide Field Camera 3 (WFC3) in F814W with previously ob-
tained UVIS-IR data in F160W (PI Nota, GO-13038) Sabbi
et al. (2020) compile the photometric catalogue that we em-
ploy for this study. Due to the long 350s exposure times in
F814W, this photometric catalogue does unfortunately not
contain the brightest objects of Westerlund 2, i.e. the most
massive upper main sequence (UMS) constituents, as they
were saturated. Disregarding these missing UMS sources the
Sabbi et al. (2020) photometric catalogue consists of 9267
stars, of which 6268 are thought to belong to Wd2. The re-
maining stars in the sample can be tentatively classified as
lower main-sequence (LMS) fore- or background contami-
nants that fall into the line of sight. The left panel in Figure
1 shows the CMD of the 6268 cluster stars.
Adopting the Zeidler et al. (2015) gas extinction map of
Wd2, we can derive individual stellar colour excesses E(B −
V)∗ for 8939 stars that fall within the border of the map
following their prescription:
E(B − V)∗ = 0.4314 · E(B − V)g + 0.7400. (1)
The individual stellar extinctions then follow as
AV = RV · E(B − V)∗. (2)
2.1.2 NGC 6397
NGC 6397 is the nearest metal poor globular cluster, with
a distance of d = 2.39 ± 0.17 kpc (distance modulus DM =
11.89 ± 0.16 mag) derived from parallax measurements with
high precision HST astrometry (Brown et al. 2018). Spectro-
scopic measurements indicate a metallicity of [Fe/H] = −2.02
(Kraft & Ivans 2003; Vulic et al. 2018), making it a prime
example of an ancient metal-poor stellar population. Fit-
ting of the main-sequence turnoff suggests a cluster age of
13.4 ± 1.9 Gyr (Brown et al. 2018). Several extinction stud-
ies indicate a moderate reddening, constraining E(B − V) to
a value between 0.183 mag (Gratton et al. 2003), 0.186 mag
(Schlegel et al. 1998) and 0.187mag (Anthony-Twarog et al.
1992). In this work we adopt E(B − V) = 0.185 ± 0.002 mag
from (Brown et al. 2018), corresponding to an average ex-
tinction of AV = E(B − V) · RV = 0.5735 ± 0.0062 mag with
RV = 3.1. To derive individual stellar extinctions here we
simply sample from a Gaussian distribution with this mean
and standard deviation.
We use the photometric catalogue of NGC 6397 from
the HST legacy survey ’HST UV Globular Cluster Survey
(HUGS)’ (Piotto et al. 2015; Nardiello et al. 2018), which
provides coverage in the F275W, F336W and F438W fil-
ters, observed with the WFC3/UVIS channel, as well as
in F606W and F814W, imaged with ACS/WFC (Nardiello
et al. 2018). To pre-process this data we follow the prescrip-
tion in Section 3 of Nardiello et al. (2018). We divide the
photometric error and quality of fit distributions of each fil-
ter into 12 magnitude bins and find the 3.5σ clipped average
of the magnitude and parameter in each bin. Here σ refers
to the standard deviation of the distribution in the given
bin. In each bin 3.5σ is then added to the mean value and a
linear interpolation is performed between these points. For
the photometric errors we then reject all observations that
lie above this interpolated line while for the quality of fit
parameter we reject all instances below the line. Finally we
limit the catalogue to observations with a sharpness value
between −0.15 and 0.15 in all five filters. Following these
selection criteria we obtain a photometric catalogue con-
taining 4831 stars. The right panel of Figure 1 shows the
corresponding UV-I CMD.
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Figure 2. Hertzsprung-Russel Diagrams for the PARSEC 1.2s
isochrone tables used as basis for our training sets. The top row
shows set ’Wd2 I’ with isochrones from 5 to 10.1 in log(age/yr)
in steps of 0.05 dex (left) and set ’Wd2 II’ with isochrones in
the range of 5 to 8 in 0.025 dex (right). In the bottom row are
the corresponding HRDs of the sets ’NGC6397 I’(left), containing
isochrones from 5 to 10.13 in 0.05 dex, and ’NGC6397 II’ with
isochrones from 9 to 10.13 in steps of 0.01 dex. All isochrones are
colour coded according to their log(age).
2.2 Synthetic Training Data
In order to train the neural network for the purpose of
predicting physical parameters given photometric observa-
tions of individual stars, a large training set is required that
contains both the physical parameters and the correspond-
ing photometric observations of each star. Since at present
such a training dataset is not readily available, we build
it from theoretical stellar evolutionary models. In particu-
lar, we use version 1.2s of the PARSEC stellar evolutionary
tracks (Bressan et al. 2012; Tang et al. 2014; Chen et al.
2015, 2014) and more specifically the isochrone tables de-
rived for the HST photometric systems ’WFC3 wide’ and
’ACS WFC’. Since our observational test cases Wd2 and
NGC 6397 differ both in metallicity and HST filter cover-
age, we have to construct individual training sets for each
cluster. This is consistent with the fact that our neural net-
work structure can only deal with single metallicity cases.
An artificial training set is also appropriate since our neural
network cannot deal with missing observational features.
For both clusters we construct two training sets, one
agnostic to prior knowledge of the stellar ages and one where
we constrain the stellar ages to a range close to the supposed
cluster ages derived in previous studies.
The first two training sets ’Wd2 I’ and ’NGC6397 I’
thus consider isochrones with log(age/yr) in the range 5 to
10.1 in steps of 0.05 dex. The ’NGC6397 I’ set also specifi-
cally entails the log(age/yr) = 10.13 isochrone to include the
supposed age of NGC 6397 of 13.4 Gyr (Brown et al. 2018).
For the other two training sets ’Wd2 II’ and ’NGC6397 II’
we restrict the isochrones to log(age/yr) ranges of 5 to 8 in
0.025 dex, and 9.0 to 10.13 in 0.01 dex, respectively. Figure 2
shows the HRD corresponding to these training sets. We do
not impose a restriction on the range of initial stellar mass
Mini so that the full mass range of the PARSEC models (0.09
to 350 M) is available in all but the ’NGC6397 II’ training
set, where the range has been reduced to 0.09 to 1.837 M
due to the fact that the more massive stars have already
died at these ages. The other physical parameters that we
consider for prediction are current mass Mcurr, luminosity L,
effective temperature Teff and surface gravity g. Again, we
do not limit these parameters so that the respective ranges
depend on the isochrones included in each training set.
For these training sets we do not perform population
synthesis based on the isochrone tables, but instead we con-
sider each point of the isochrones as an individual exam-
ple star, aiming at performing parameter prediction on a
star by star basis. To this purpose we need to populate the
physical parameter space in the training set as evenly as
possible, since overpopulated regions could introduce biases
in the training process, so that our trained model might in
the end generalise poorly when predicting parameters for a
star that falls in a less populated area in parameter space.
We face this problem with the isochrone models. While the
PARSEC models provide perfectly evenly spaced isochrones
in log(age), Bressan et al. (2012) perform an interpolation
when generating the isochrones from the stellar evolution-
ary tracks that aims to produce smooth isochrone curves, re-
sulting in a severe oversampling of certain masses due to the
fact that very small mass variations can cause a significant
change of position in the HRD on the post main sequence
part of the isochrones. Figure 3 shows an example of this
mass oversampling for the ’Wd2 I’ case. The left diagram
highlights how the interpolation strategy of the PARSEC
isochrone tables results in a severe oversampling of masses
along the ridge where the models stop, because stars of a
given mass die away. Consequently, there are several regions,
e.g. the old low mass stars and young super massive stars,
where the age-mass space is strongly underpopulated.
To remedy this problem we have devised a procedure to
augment the isochrone tables so that the density differences
between the over- and underpopulated regions in age-mass
space are reduced. We begin by oversampling each isochrone
in Mini space, first performing a linear spline interpolation in
the Mini - L - Teff space to determine its arc-length, i.e. the
length of the path along the isochrone from the lowest mass
model point to the most massive one. Then we find 10,000
equidistant (in terms of the logarithm of the arc-length) Mini
points along each isochrone. For these points we determine
the remaining parameters (L, Teff , g and magnitudes) by
performing a linear interpolation between the nearest lower
and nearest higher initial mass neighbour on the original
isochrone.
The resulting age-mass distribution of these oversam-
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Figure 3. 2D Histograms of the age vs. initial mass distributions for the original PARSEC isochrone tables (left), the case where each
isochrone is oversampled 10,000 times in regular intervals in terms of the logarithm of its arclength in Mini-L-Teff space (middle) and our
final training set base (right). In the latter each age-mass-bin that contains less than 30 model points in the original table is reinforced
with additional samples from the oversampled isochrones to reach 30 examples. This example is from the ’Wd2 I’ training set.
pled isochrones is shown in the middle diagram of Figure
3. The plot indicates that this procedure does not solve the
issue of oversampled mass bins directly, in fact, it further
highlights those regions. But at the same time it manages
to populate previously sparsely sampled regions. To finally
produce an evenly sampled training set we then augment the
original isochrone tables by adding random samples from our
oversampled isochrones until every age-mass bin contains at
least 30 example stars (this value is chosen to roughly rep-
resent the number of the least populated bins in the over-
sampled data set). If the oversampled table does not con-
tain enough additional examples to augmented the original
isochrones to 30 examples in a given bin, we simply include
all available additional examples. We also ensure to only
augment with examples that do not appear in the origi-
nal tables. The resulting distribution in age-mass-space is
depicted in the right panel of Figure 3, showing that this
approach achieves a mostly even sampling across the whole
parameter range.
There are two reasons why we do not achieve a perfectly
even sampling. First, subsampling the overpopulated bins
would result in a significant information loss in the HRD
and CMD as several post-main-sequence evolutionary tracks
fall into these bins. Second, oversampling the isochrones and
then augmenting the original tables to a degree that all bins
reach the level of the originally most populated bin would
result in a data set so large that it becomes not manageable
for our remaining processing.
The last step in our training set construction procedure
is to augment the data taking extinction into account. We
do so for each star in the training set by including addi-
tional copies of it at different amounts of extinction AV and
altering their observable features, i.e. magnitudes in HST fil-
ters, accordingly. For Wd2 we consider an extinction range
from 0 to 12 in steps of 0.2 mag and for NGC 6397 from 0
to 3 in steps of 0.05 mag in accordance with the Wd2 gas
extinction map from Zeidler et al. (2015) and the suggested
average extinction of NGC 6397 by Brown et al. (2018). For
the extinction law we use the diffuse Milky Way extinction
curve by Cardelli et al. (1989), deriving the Aλ/AV values in
dependence of RV for the HST filters according to
Aλ
AV
= aλ +
bλ
RV
, (3)
where aλ and bλ denote wavelength dependent coefficients
defined by Cardelli et al. (1989). Table A1 in the Appendix
provides the derived Aλ/AV values for all filters.
In conclusion, each training set contains the six phys-
ical parameters: age, initial mass Mini, current mass Mcurr,
luminosity L, effective temperature Teff , surface gravity g,
extinction AV and magnitudes in filter combinations corre-
sponding to our real observations. These are F814WWFC3
and F160WWFC3 for Wd2, and F275WWFC3, F336WWFC3,
F438WWFC3, F606WACS, F814WACS for NGC 6397. In total
our training sets contain 12,481,881, 20,903,602, 12,356,282
and 16,817,090 example stars for ’Wd2 I’, ’Wd2 II’,
’NGC6397 I’ and ’NGC6397 II’, respectively. Figure A1 in
the Appendix shows the corresponding prior distributions of
all physical parameters for these training sets.
3 NEURAL NETWORK SETUP
3.1 INN and cINN
In this paper we solve the inverse problem of predicting phys-
ical parameters of stars from HST photometry employing
an invertible neural network (INN) as described in Ardiz-
zone et al. (2019a,b). This INN approach provides an inverse
solver that estimates the complete posterior distribution of
physical parameters conditioned on an observation. Figure 4
outlines the concept of the INN methodology. Given a well-
understood simulation that maps physical parameters x to
observations y, we assume that this forward process entails
an inherent information loss, such that y does not explain all
variance of x and degeneracies occur in the mapping. To re-
tain this information that would be otherwise lost additional
latent variables z are introduced to encode all the variance
of x that is not captured in y.
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Figure 4. Schematic overview of the invertible neural network
approach for solving an inverse problem. Adapted from (Ardiz-
zone et al. 2019a).
A benefit of a network with an invertible architecture
with regard to our current regression problem is that once it
has been trained to approximate the known forward process
f , it provides a solution for the inverse process f −1 for free.
In the application outlined here the INN will thus learn how
to associate physical parameter values x to unique pairs [y, z]
of observations and latent variables, as it trains to optimise
the forward mapping f (x) = [y, z] and then implicitly finds
the inverse x = f −1(y, z) = g(y, z) (Ardizzone et al. 2019a).
For simplicity the prior distribution of the latent variables
p(z) is assumed (and enforced during training) to be Gaus-
sian. The desired posterior distribution p(x|y) is represented
by the function g(y, z) = x, which, given the condition y,
transforms the known distribution p(z) to x-space (Ardiz-
zone et al. 2019a). In practise this means that for a given
observation y the posterior distribution p(x|y) is determined
by sampling the latent variables.
In Ardizzone et al. (2019a) the invertibility of the net-
work is achieved by a series of reversible blocks based on the
architecture proposed by Dinh et al. (2016). These blocks
split their input vector u into two halves u1 and u2 and
then apply two complementary affine transformations with
element-wise multiplication  and addition +,
v1 = u1  exp(s2(u2)) + t2(u2),
v2 = u2  exp(s1(v1)) + t1(v1),
(4)
where si and ti are mappings that can be arbitrarily complex
functions of u2 and v1 that do not need to be invertible
themselves and can even be represented by neural networks.
These affine transformations are easily inverted given the
output v = [v1, v2],
u2 = (v2 − t1(v1))  exp(−s1(v1)),
u1 = (v1 − t2(u2))  exp(−s2(u2)).
(5)
Based on the Ardizzone et al. (2019a) method, Ardizzone
et al. (2019b) present an extension to their original INN
approach, the conditional invertible neural network (cINN).
Here they adapt the affine coupling block architecture to ac-
cept additional conditioning inputs c. Since the mappings si
and ti, also when represented by neural networks, are only
evaluated in the forward direction, even when inverting the
network, it is possible to concatenate these conditioning in-
puts with the regular inputs of the sub-networks without
compromising the INNs invertibility, e.g. by replacing s2(u2)
with s2(u2, c) etc. in Equations (4) and (5). Figure 5 shows
an illustration for the forward (top) and backward (bottom)
pass of this conditional affine coupling layer design in the
GLOW (Generative Flow; proposed by Kingma & Dhari-
wal 2018) configuration (see Section 3.2 for details). In this
setting the forward mapping is modified to f (x; c) = z and
the inverse to x = g(z; c). The invertibility is given for fixed
condition c as
f ( · ; c)−1 = g( · ; c). (6)
In our regression problem the conditioning is given by the
observations. Therefore, as for the standard INN, during
training given an observation the network will learn to en-
code all information about the physical parameters in the
latent variables that was not contained in the observation.
Also analogous to the standard INN, we retrieve the de-
sired posterior distribution p(x|y) for a given observation y
by sampling the latent variables according to their Gaussian
priors and using the inverted network g:
xposterior = g(z; c = y), with z ∼ pZ (z) = N(z, 0, I), (7)
where I is the K × K unity matrix with K = dim(z).
One of the cINN benefits over the standard INN archi-
tecture is that no zero padding (as described in Ardizzone
et al. 2019a) is necessary if the dimension of [y, z] were to
exceed that of x, as the conditioning input c can be arbi-
trarily large in this approach and the dimension of z simply
matches that of x.
3.2 Architecture Details
To implement the cINN for our purposes we use the ’Frame-
work for Easily Invertible Architectures’ (FrEIA) for python
(Ardizzone et al. 2019a,b) based on the ’pytorch’ library
(Paszke et al. 2017).
In our problem the input x is given by the six physi-
cal parameters of the isochrone tables, so that, following the
cINN architecture, we also have six latent variables z. Our
cINN is conditioned on the observables, 2 and 5 magnitudes
for Wd2 and NGC 6397, respectively, and the individual stel-
lar extinctions, so that the condition c has the dimension 3 in
the Wd2 cases and 6 for NGC 6397. Ardizzone et al. (2019b)
also introduce a ’conditioning’ network which transforms the
input condition into some intermediate representation and
is trained jointly with the cINN. We do not use this addi-
tional network in our setup, as we find that given the few
observables in our problem the cINN tends to overfit to the
synthetic training data when employing a feature extraction
network, resulting in poor performance on the real bench-
mark data.
Our cINN consists of 16 conditional affine coupling
blocks, each in the GLOW configuration (Kingma & Dhari-
wal 2018), which reduces computational cost and speeds up
learning by jointly predicting the subnetwork outputs si()
and ti() using a single subnetwork. As in Ardizzone et al.
(2019b) we introduce an additional nonlinear transforma-
tion of the scale coefficients s,
sclamp =
2α
pi
arctan
( s
α
)
, (8)
where α = 1.9, so that sclamp ≈ s for |s |  α and sclamp ≈ ±α
for |s |  α, in order to avoid instabilities induced by large
magnitudes of the exponential exp
(
sclamp
)
.
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Figure 6. Schematic representation of the cINN architecture used for the physical parameter prediction based on photometry. In total
we use 16 conditional affine coupling blocks interchanged with random permutation layers.
We alternate the conditional affine coupling blocks with
random permutation layers. The latter consist of random
orthogonal matrices which mix the information between the
two streams u1 and u2 in the coupling blocks. Following
Ardizzone et al. (2019b), these matrices are fixed during
training and cheaply invertible. The combination of these
permutation layers with the interlocked affine transforma-
tions of the affine coupling blocks ensures that the network
cannot ignore the conditioning input when learning the for-
ward mapping. The subnetworks in the conditional affine
coupling layers are simple fully connected feed-forward net-
works with three hidden layers of width 512 with rectified
linear units (ReLU) as activation functions. Figure 6 pro-
vides a schematic overview of our setup for the cINN.
We train the cINN models as described in Ardizzone
et al. (2019b) by minimization of the maximum likelihood
loss
L = Ei
[
| | f (xi; ci, θ)| |22
2
− log |Ji |
]
, (9)
where xi is a training example with its corresponding condi-
tion ci and Ji denotes the determinant of the Jacobi matrix
Ji = det
(
∂ f
∂x

xi
)
evaluated at xi.
For each training set the cINN is trained until the loss
curve converges, but at least long enough that the model
has seen each training example multiple times.
3.3 Data Pre-Processing
In preparation for training the cINN we split our training
data into physical parameters x (age, Mini, Mcurr, L, Teff , g)
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and observables y (magnitudes + AV). To avoid issues in
the training process that can occur due to their broad range
of values, the physical parameters are transformed to loga-
rithmic space. This serves not only to even out magnitude
differences, but it has the general benefit of implicitly enforc-
ing that these quantities can only be positive. Since all our
observables are photometric magnitudes and thus already
a logarithmic quantity, this step is not necessary there. On
top of that we add a small amount of Gaussian noise (stan-
dard deviation of 1×10−5) to the strongly discretised log(age)
parameter. This form of data augmentation through a small
amount of noise serves to smooth out discretization artifacts
of the input (Ardizzone et al. 2019b). The remaining param-
eters are sampled unevenly enough that augmentation with
noise is unnecessary.
After that we re-scale each parameter so that their re-
sulting distribution has zero mean and unit standard devia-
tion, following the linear transformation
xˆi = (xi − µxi ) ·
1
σxi
, (10)
where µxi and σxi are the mean and standard deviation of
the distribution of the physical parameter xi . At prediction
time these linear re-scaling operations are easily inverted in
order to retrieve the correct predicted physical parameters
xi,pred from the predicted xˆi,pred as
xi,pred = xˆi,pred · σxi + µxi . (11)
For the observables, after first centring the data (y˜i = yi −
µyi ), we perform a matrix whitening procedure (HyvA˜d’ri-
nen & Oja 2000) on the N×M matrix Y˜, where N is the total
number of examples in the training set and M the number
of observables. The resulting linearly transformed matrix Yˆ
has the properties that all its columns yˆi have unit variance
and that its covariance matrix ΣYˆ is equal to the unity ma-
trix. Yˆ is calculated as follows:
Yˆ = WY˜Y˜ = ED
− 12 ET Y˜, (12)
where E is the orthogonal matrix of eigenvectors of the co-
variance matrix ΣY˜ of Y˜ and D
− 12 = diag(d−
1
2
1 , ..., d
− 12
m ) with
di being the ith eigenvalue of ΣY˜. In practise we add a fudge
factor  = 1 × 10−7 in the calculation of D− 12 to avoid over-
amplification of eigenvectors associated with small eigenval-
ues
D−
1
2 = diag
(
1√
d1 + 
, ...,
1√
dm + 
)
. (13)
The scaling parameters µxi , σxi , µyi and WY˜ are calcu-
lated from our entire synthetic data set, before we perform
the split in training and test set. At prediction time of the
real data from Wd2 and NGC 6397 the observational data is
scaled using the same scaling parameters derived from the
synthetic data the respective models were trained on (e.g. if
we train the cINN on the synthetic data set ’Wd2 I’, the real
observations are scaled using the scaling parameters derived
from that data set).
3.4 Evaluating Training Success
After training our models until the maximum likelihood
loss converges, we evaluate the performance of these trained
models on a held-out subset of the training data. In all our
cases these randomly chosen test subsets contain 20,000 ob-
servations. On a given test set we begin verifying if the cINN
has converged to a good solution by confirming that the pre-
dicted distribution Ztest of the latent variables actually fol-
lows the multivariate normal distribution we prescribed as
the target. This is easily checked by calculating the covari-
ance matrix ΣZtest of Ztest and determining if its close enough
to the unity matrix, as well as checking that all columns fol-
low a normal distribution with zero mean.
To ascertain the quality of the predicted posterior dis-
tributions for each of the physical parameters we compute
the median calibration error emediancal . For a given confidence
interval q the calibration error over a set of N observations
is defined as
ecal = qinliers − q, (14)
where qinliers =
Ninliers
N indicates the fraction of observations
for which the true value falls within the q-confidence interval
of the corresponding predicted posterior distribution. Nega-
tive values of ecal indicate that the model is overconfident,
predicting too narrow posterior distributions, while a pos-
itive ecal describes an under-confident model that predicts
posteriors that are too broad (Ardizzone et al. 2019a). We
calculate emediancal as the median of the absolute values of the
calibration errors over a range of confidence intervals from
0.01 to 0.99 in steps of 0.01.
Apart from the calibration error we also measure the
cINN model accuracy for point estimations xˆ, i.e. maximum
a posteriori (MAP) estimates, of each physical parameter by
computing the root mean square error (RMSE) with respect
to the ground truth x∗ over the entire test set
RMSE =
√∑N
i=1(xˆi − x∗i )2
N
. (15)
In order to better compare the RMSEs of the four differ-
ent models we train, we also compute a normalised RMSE
(NRMSE). We derive this quantity for each physical param-
eter x by dividing the RMSE by the range x¯ = xtsmax − xtsmin
covered in the training set, i.e.
NRMSE =
RMSE
x¯
. (16)
To derive these performance measures for all of the 20,000
observations in the test sets for each posterior we sample
4,096 times from the latent space Z.
3.5 Determining MAP estimates
In order to assess the point estimate accuracy (Section 3.4)
on our test set, as well as on the predicted physical param-
eters for the real observations presented in Section 4, we
compute maximum a posteriori (MAP) estimates. To this
purpose, given a posterior distribution for a physical pa-
rameter, we first perform a kernel density estimation on the
posterior using a Gaussian kernel function and then we find
the parameter value at which this density estimate has a
maximum. In practise we evaluate the density on a regu-
larly spaced grid of 1,024 points ranging from the minimum
to the maximum of the given posterior. To derive a suit-
able bandwidth h for this kernel density estimation we use
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Silverman’s rule of thumb,
h = 1.06 ·min
(
σ,
IQR
1.34
)
· n− 15 , (17)
where IQR denotes the interquartile range, σ the standard
deviation of the data and n the number of data points (Sil-
verman 1986). We choose this bandwidth estimator for its
computational efficiency in order to quickly derive MAP
estimates for our test observations, keeping in mind that
this estimator is prone to suggest sub-optimal bandwidths
for density distributions that differ strongly from unimodal
Gaussians.
3.6 Re-Simulation Error
To verify whether the predicted posterior distributions are
correct and not just cINN artefacts one usually performs a
re-simulation. Here either the MAP estimates of the physical
parameters or individual samples of the predicted posteri-
ors are put into the simulation, that maps the physical to
the observable space, to derive the associated re-simulated
observables yi,resim. They are then compared with the cINN
input condition yi,input of the given star. Using the MAP es-
timates one can compute a MAP re-simulation error over
the test set following
RMSEMAPresim =
√∑N
i=1(yi,resim − yi,input)2
N
. (18)
Unfortunately we do not have direct access to the stellar evo-
lution code that our training data is based on, just the pub-
licly available isochrone tables. Therefore, we cannot per-
form a full re-simulation for our predictions.
To still get an idea of the re-simulation error of our approach
we adopt a simple approximation instead. For a given MAP
estimate or sample prediction of the physical parameters we
do a nearest neighbour search in the x + AV space on the
training data (after the test split). Even though we do not
predict the extinction, we have to include it in this nearest
neighbour search to select the correct copy of the data point
closest to our query. We note that also in a full re-simulation
we would have to input extinction to correctly retrieve the
magnitudes.
This approach allows us to report the approximate MAP re-
simulation error RMSEMAPresim on our synthetic training data
(see Table 1).
It is important to keep in mind though that this is only
an approximation, so that in cases where the distance to
the nearest training data point is large in this 7 dimen-
sional parameter space, the associated magnitudes might not
necessarily represent the true re-simulated observables of a
given prediction. It is therefore likely that this approxima-
tion tends to overestimate the re-simulation error.
4 TRAINING RESULTS
For all four of our models the cINN training process con-
verges quickly, the training time being usually within 1 to 2
hours when making use of GPU acceleration with a NVIDIA
GTX 1080 graphics card. Once trained the prediction of pos-
terior distributions is very rapid. For the 20,000 observations
in our test sets generating the posterior distributions, sam-
pling each 4,096 times, takes in total about 10 minutes, av-
eraging around 35 predicted posterior distributions per sec-
ond. This makes the cINN approach a very time efficient
predictor.
4.1 Performance Overview
Across all four cINN models we were able to achieve well
converged model solutions. Both the covariance of the latent
variables, as well as their distributions, evaluated on the re-
spective test sets, reach their targets of unity and standard
normal distribution, respectively. Figure B1 in the Appendix
shows an example of the achieved covariance matrix and la-
tent variable distributions for the ’Wd2 I’ cINN model. Ta-
ble 1 gives an overview of our remaining performance mea-
sures, namely the median calibration error, the median un-
certainty at 68% confidence, the RMSE and NRMSE of the
MAP point estimate (see Equations 15 and 16), as well as
our approximation of the total re-simulation error across all
four trained models.
In terms of the median calibration error we find that
all four models reach calibrated solutions for their predicted
posterior distributions, as the largest error across all pa-
rameters and models is only about 6.8%. Given the sim-
ilar magnitude of the errors for all four models, there is
no clear influence of the training set size or feature abun-
dance on the cINN’s ability to converge to a well cali-
brated solution. In particular, there is no significant differ-
ence between the models trained on the full training sets
’Wd2 I’ and ’NGC6397 I’ vs. their counterparts ’Wd2 II’
and ’NGC6397 II’. As the latter include prior knowledge
about the age of the clusters, they should theoretically al-
low for more accurate solutions of the regression problems
(i.e. less degenerate mappings). The only notable difference
between the Wd2 and NGC 6397 models in terms of the
median calibration error is that we find slightly better cali-
brated solutions for the luminosity and effective temperature
prediction for the NGC 6397 models.
Concerning the median uncertainty at the 68% confi-
dence level, an indicator of the average width of the pre-
dicted posterior distributions, we find that all four trained
cINN models can constrain all physical parameters, except
for the age, remarkably well with uncertainties on the order
of only a few 0.001 dex on average. Again, the availability of
more features or the prospect of less degenerate mappings
by including prior knowledge does not significantly improve
the result.
Judging by the uncertainty values, the stellar age ap-
pears to be the most difficult parameter to constrain. Of
the six parameters, age is also the only one where the pre-
diction is influenced by the amount of available features.
The ’NGC6397 I’ cINN model constrains the age to distri-
butions that are about 0.1 dex narrower than the similar
one trained on ’Wd2 I’, despite the fact that both train-
ing sets cover basically the same physical parameter space
(albeit at different metallicity). For the age prediction we
also observe a difference between the ’Wd2 I’ and ’Wd2 II’
model, as the cINN trained on the data set including prior
knowledge returns narrower age posterior distributions. The
lower uncertainty is likely influenced by the overall smaller
range in possible predicted ages, but could also be a re-
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Training Set
Performance Measure Wd2 I Wd2 II NGC6397 I NGC6397 II
Calibration Error
log age 0.005 0.001 0.005 0.011
log Mini 0.009 0.006 0.006 0.004
log Mcurr 0.009 0.004 0.007 0.007
log L 0.068 0.048 0.003 0.007
log Teff 0.028 0.020 0.007 0.003
log g 0.013 0.003 0.006 0.007
Median Uncertainty at 68% confidence
log age 0.199 0.049 0.065 0.120
log Mini 0.004 0.002 0.004 0.001
log Mcurr 0.004 0.003 0.004 0.002
log L 0.002 0.002 0.005 0.001
log Teff 0.001 0.001 0.001 0.001
log g 0.006 0.004 0.004 0.002
RMSE
log age 0.572 0.379 0.481 0.1659
log Mini 0.065 0.120 0.018 0.0036
log Mcurr 0.064 0.074 0.019 0.0036
log L 0.093 0.154 0.008 0.0011
log Teff 0.041 0.071 0.003 0.0002
log g 0.131 0.200 0.021 0.0034
NRMSE
log age 0.1122 0.1263 0.0938 0.1468
log Mini 0.0180 0.0334 0.0050 0.0028
log Mcurr 0.0179 0.0207 0.0053 0.0028
log L 0.0091 0.0160 0.0008 0.0002
log Teff 0.0207 0.0366 0.0023 0.0003
log g 0.0191 0.0291 0.0038 0.0007
RMSEMAPresim 0.071 0.123 0.078 0.043
Table 1. Overview of the performance on a test set of 20,000 cases for the four cINN models we have trained. Reported are the calibration
error, median uncertainty at 68% confidence (width of the 68% confidence interval), the standard (RMSE) and normalised root mean
squared error (NRMSE) of the MAP estimates, as well as the total MAP re-simulation error RMSEMAPresim from our nearest neighbour
approximation.
sult of the missing degeneracies in ’Wd2 II’. Interestingly,
we do not observe the same effect between ’NGC6397 I’
and ’NGC6397 II’, where in fact the median uncertainty
increases for the model trained on the much narrower age
range. This could indicate that constraining the age distri-
bution for these old stars (above 1 Gyr) may not facilitate
the regression problem, while the reverse may be true for
the young stars.
The point estimate accuracy, as measured by the RMSE
between the MAP prediction and the true values, confirms
that age is the most difficult parameter to predict for all our
models. With RMSEs of a few 0.01 to 0.1 dex, the cINN pre-
dicts the remaining five physical parameters very well, while
the RMSE for the age prediction, on the order of 0.5 dex,
is about a magnitude larger. For comparison, a predictor
that returns a random value drawn from a uniform distri-
bution within the age range of ’Wd2 I’ achieves a RMSE
of about 2.1 (NRMSE of 0.41). The ∼ 0.1 dex differences
in the RMSEs between the models trained on ’Wd2 I’ and
’NGC6397 I’ suggest that an increased feature abundance
(i.e. number of observables) improves the point estimation
accuracy of the model. Interestingly, while the ’Wd2 II’
model decreases the age RMSE by about 0.2 dex, the er-
ror of the point estimate for all remaining physical param-
eters increases. Comparing the NRMSEs between ’Wd2 I’
and ’Wd2 II’, however, we find that both models perform
evenly well and all flat RMSE differences are likely effects of
the different parameter ranges. We find a similar behaviour
between ’NGC6397 I’ and ’NGC6397 II’ for all parameters
except the age again, where the ’NGC6397 II’ model ac-
tually performs the worst across all models. As previously
indicated by the uncertainty, this supports the finding that
the age prediction within the range from 1 to 13 Gyr is the
most difficult task on the synthetic data.
Finally, for our approximation of the total MAP re-
simulation error we find excellent results for all of our mod-
els, with values on the order of only 0.1 mag and below. Con-
sidering that our approximation likely overestimates this er-
ror because we have to rely on the observables of a nearest
neighbour proxy, errors this small are more than satisfac-
tory. The corresponding comparisons of the ’re-simulated’
and observed magnitudes show almost perfect 1-to-1 corre-
lations with very few outliers in both the MAP and entire
posterior re-simulations. Therefore, we are very confident
that, even though we could not perform a true re-simulation,
our predicted posterior distributions are true and not just
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numerical artefacts. Importantly this also indicates that the
overall broader age posteriors are generally not caused by
an underperforming cINN but rather due to actual intrinsic
degeneracies in the age prediction, correctly captured by the
cINN.
4.2 Wd2 I and Wd2 II
As indicated by the summary statistics in Table 1 the
’Wd2 I’ and ’Wd2 II’ cINN models perform very well. We
look at this in more detail. Figure 7 shows example posterior
distributions for all six physical parameters for three held-
out test observations predicted by the ’Wd2 I’ model. This
plot exhibits some of the typical posterior distributions that
the cINN returns on the synthetic data in this regression
problem.
The first case, shown in the left column, is an example
where the cINN constrains all physical parameters of the
star extremely well with very narrow posterior distributions
centred around the known true value. As the low median un-
certainties at 68% confidence for all parameters except age
already suggest, this kind of prediction is among the most
common results for the synthetic test set. The left panel
in Figure 8 presents the approximate re-simulation for the
full posterior of this example. Evidently we match the input
observation almost exactly (note the small axis range and er-
ror), confirming the validity of the predicted posterior. The
observed deviation is a direct result of the nearest neigh-
bour approximation and the discreteness of the training set.
The latter is also the reason why the two re-simulation so-
lutions appear so ’far’ apart, as there simply are no models
in between. The samples with a greater discrepancy to the
true observation (bottom left corner) have a larger distance
to the nearest neighbour than the others. The re-simulation
approximation is therefore less precise for these samples as
the distance is a direct measure of similarity between the
nearest neighbour proxy and the given query samples.
In contrast, the middle column exhibits an example of
the kind of degeneracy that we frequently find in this re-
gression problem, with bi-modal solutions within the pre-
dicted posterior distributions. The age and mass distribu-
tions indicate that this observation could be explained by a
∼ 2.9 M star that is ∼ 425 Myr old, so likely well within
its post-main-sequence phase. Or it could be a very young
(∼ 0.1 Myr) more massive ∼ 4.75 M pre-main-sequence star.
Due to the overlap of the post-main-sequence and pre-main-
sequence evolution in observable space, especially so in the
presence of extinction, this is one of the major degeneracies
that make the prediction of stellar physical parameters from
photometry such a difficult regression problem. In this ex-
ample the cINN prediction reveals that this degeneracy is
not broken with only two passbands, but also finds that the
young 4.75 M star is the most likely solution as indicated
by the MAP estimates. Therefore, the cINN successfully re-
covers the true solution for this synthetic star.
The middle panel of Figure 8 shows the approximate re-
simulated magnitudes for this example posterior in compar-
ison with the true input observations. Overall we find very
good agreement, except for a few outlier cases. The red cir-
cle indicates the area populated by the 60% of the samples
(containing instances from both peaks) with the lowest dis-
tance to the nearest neighbour used as a re-simulation proxy.
This set matches the true observations almost perfectly. All
of the outliers exhibit larger nearest neighbour distances (es-
pecially the far outliers). Consequently our re-simulation ap-
proximation is less precise for these objects, which likely ex-
plains the offset from the true observation. Therefore this
diagram confirms the validity of the predicted posterior and
the identified degeneracy.
The final example in the right column shows another
degenerate case that could be explained as either a younger
∼ 3 M or a much older ∼ 2.4 M star. Here the most likely
explanation of the observation as given by our MAP estimate
is in fact not the true one, which falls into the secondary
peak. This result may seem unsatisfying at first glance, but
a true posterior distribution describes all possible physical
parameters that can explain the given observation. That
means that the most likely combination does not necessar-
ily have to be the one that generated the observation. In
fact these two degenerate examples show the great strength
of the cINN approach for this type of degenerate regres-
sion problem, as even in the second case the true solution is
part of the posterior distribution as the second most likely
result. The interpretation of cases like these, as always, ben-
efits from additional astrophysical constraints.
The right panel of Figure 8 provides the re-simulation ap-
proximation for this example. Again we find a good match
with the observation for the objects for which our approxi-
mation is the most precise. Only objects with large distance
to the nearest neighbour, so less precise re-simulation ap-
proximation, deviate more significantly.
To assess the limitations of the method tested on the
synthetic data we compare the predicted point estimates
with the true values (as previously summarised by the RM-
SEs in Table 1) for the 20,000 test observations in Figure
9. The figure highlights how well the cINN predicts Mini,
Mcurr, L, Teff and g as only very few predictions (note the
logarithmic colour scale) fall off a perfect 1-to-1 correlation
between the predicted and true values. However, for Teff and
g we observe some structure (around log(Teff/K) ≈ 4.75 and
log(g/cm s−2) ≈ 4, respectively) that seems systematic in na-
ture. For the effective temperature there is also a deviation
from the 1-to-1 correlation for log(Teff/K) > 4.75.
We find the largest scatter in the age prediction, con-
firming that this parameter is the most difficult to pre-
dict for the cINN. It has the most trouble with predicting
ages for the very young (log(age/yr) < 6.5) and the oldest
(log(age/yr > 8.5) objects in the test set, as we find the most
deviations from the perfect correlation here. Still, even in
this regime there is a majority of good predictions (note
again the logarithmic colour scale).
The difficulty in predicting the correct age becomes fur-
ther apparent when visualising the posterior distributions in
relation to the true values, as in Figure 10. Here we plot the
spread of the posterior distribution of every physical param-
eter against the true value for all 20,000 test observations.
Again we observe that for all physical parameters except age
the cINN provides well constrained posterior distributions
that are in many cases quite narrow and symmetric around
the true value. Similar to the systematic structures in the
MAP estimates we find ’arrow’-like ’artefacts’ for Teff and g
here. For log(Teff/K) > 4.75 we also discover two ’branches’,
indicating a strong bi-modal degeneracy in this range that
explains the deviation from the 1-to-1 correlation in Figure
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Figure 7. Predicted posterior distributions for three test examples (column-wise) as predicted by the cINN trained on ’Wd2 I’. The red
dotted line in each histogram indicates the known true value for the given test observation. The orange line represents the kernel density
estimate of the predicted distribution used to locate the MAP solution. The left column shows an example case where the cINN is able
to constrain the physical parameters of this observation extremely well. The remaining two columns show degenerate examples where the
predicted posterior distributions of some parameters (e.g. age and mass) show multi-modalities as a consequence. The middle column
test observation shows an example case where the MAP of the predicted bi-modal distribution coincides with the true value, while in
the right column case the true value falls onto the second peak of the distribution. Note the different scaling in each column.
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Figure 8. 2D histograms of the ’re-simulated’ magnitudes for the example posteriors in Figure 7 (columns match accordingly). The grey
dashed lines indicate the observed magnitudes, while the red circles in the middle and right panel indicate the area in which 60% of
the samples are located that have the lowest distances to the nearest neighbour chosen as the re-simulation proxy. Again, it should be
mentioned that the axis scaling is very different in each plot.
Figure 9. 2D histograms of the MAP estimates plotted against the true values for the six physical parameters we predict with the cINN
trained on ’Wd2 I’ for 20,000 cases from our test set. From top left to bottom right we show age, Mini, Mcurr, L, Teff and g.
9, as the MAP estimates seemingly tend to fall into this
lower branch.
The age posterior distributions appear to be much
wider, although the visual effect is amplified in Figure 10
by the logarithmic colour scaling, chosen to better visualise
outliers. Most of the predicted posterior distributions are
also well centred on the true value, but nevertheless we find
many more wide outliers here, indicating ample degeneracy.
Analogous to the MAP estimates, the posterior distributions
narrow down within the intermediate age range and widen
for the youngest and the oldest stars, also exhibiting the
multi-modalities previously highlighted in Figure 7. Despite
the slightly discouraging look of the age posteriors it is im-
portant to note that in 99.8% of the cases the true value is
part of the predicted posterior distribution.
To evaluate whether the “arrow” artefacts observed in
the MAP estimates and posteriors of Teff and g are a cINN
model specific issue, we re-trained the cINN model on mod-
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Figure 10. 2D histograms of the entire predicted posteriors plotted against the true value of the six physical parameters of the cINN
trained on ’Wd2 I’ for 20,000 cases from the test set. From top left to bottom right age, Mini, Mcurr, L, Teff and g are shown.
ified versions of training set ’Wd2 I’, where we increase the
number of observables with additional photometric filters.
Within the synthetic datasets these additional filters are
readily available. Figure 11 shows the results of this experi-
ment. It provides the posterior against true value diagrams
for age and surface temperature for different numbers of ad-
ditional photometric filters. This sequence shows that the
’arrow’-like structures in Teff and g, as well as the second
branch in Teff , are in fact a result of the limited number of
photometric filters in our study, as the effect already de-
creases when the F555W filter is added and basically disap-
pears when we use 9 photometric filters. Not surprisingly,
the predictions also improve as more observational informa-
tion is gained, the posterior distributions narrowing down
noticeably. Especially interesting for the age prediction is
that we already observe a considerate improvement with
5 filters (F275W, F336W and F555W on top of F814W
and F160W). Specifically the spread for very young objects
(log(age/yr) < 6.5) decreases significantly. We observe the
same improvement in the point estimates (see Appendix Fig-
ure B2). Still, even with the ’ideal’ information of the full
complement of 17 photometric filters of the ’HST WFC3
wide’ photometric system used by the PARSEC isochrones,
the prediction for old stars is not perfect. The age prediction
of old stars thus remains the most challenging task within
this regression problem (see also the discussion in Sections
4.3 and 5.2 ). In any case, based on this performance analy-
sis, we recommend to use at least five photometric filters in
addition to extinction if they are available.
The model trained on ’Wd2 II’ does not show signif-
icant difference with respect to the ’Wd2 I’ cINN model
within their range of overlap. The corresponding diagrams
of the point estimate and posteriors against the true values
for ’Wd2 II’, as well as a more detailed discussion can be
found in Appendix C, Figures C1 and C2 respectively.
4.3 NGC6397 I and NGC6397 II
Overall the training results of model ’NGC6397 I’ match
those of ’Wd2 I’, except for the previously described slight
improvements in accuracy. Judging by our performance ex-
periments in dependence of filter coverage carried out on
’Wd2 I’, these improvements are likely caused by the larger
number of photometric filters, five instead of the two used
for ’Wd2 I’ (see Appendices B and D).
In general, of all trained models ’NGC6397 II’ provides
the smallest RMSEs across all predicted physical parame-
ters and lowest median uncertainty for all parameters but
age. Given how well the ’Wd2 I’ and ’NGC6397 I’ models
already constrain the posterior distributions for all param-
eters (except age), this extra performance gain can be at-
tributed to the more limited physical parameter space. The
NRMSE of this cINN model confirms again that the age
prediction for very old stars (1 Gyr and above) is the most
difficult part of this regression problem. We find that the
age posterior distributions tend to be quite broad and that
the cINN has a tendency to extrapolate with predicted pos-
terior distributions ranging from log(age/yr) = 8 to above
log(age/yr) = 11 (see Figure E2 in the Appendix), outside
the boundaries of the training set range of 9 to 10.13. This
extrapolatory behaviour within the 1 to 10 Gyr range ap-
pears in the ’Wd2 I’ and ’NGC6397 I’ models as well, but
MNRAS 000, 1–31 (2020)
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Figure 11. 2D histograms of the predicted posterior distributions plotted against the true value for age (top) and Teff (bottom) for
20,000 test observations as predicted by cINN models trained on ’Wd2 I’ with increased numbers of photometric filters compared to
our standard ’Wd2 I’ setup. The 3 filter case (first column) entails the HST filters F555W, F814W, F160W, the 5 filter one (second
column) adds F275W and F336W to that, and the 9 filter setup (third column) further includes F438W, F606W, F775W and F110W
on top of the previous. The final 17 filter case (fourth column) entails all previous filters in addition to F218W, F225W, F390W,
F475W, F625W, F105W, F125W and F140W. Compared to our standard ’Wd2 I’ with only 2 filters in Figure 9 this sequence highlights
how the increased feature abundance improves the predictive capability of the cINN as the ’arrow’-like artifacts in Teff disappear and the
age posterior distributions decrease in width, especially so for the young test observations.
to a lesser degree. From the age MAP estimate against true
plot of the ’NGC6397 II’ model, we also find that, while
most predictions fall on the ideal 1-to-1 correlation, there is
a faint trace of an almost flat ’branch’ at log(Age/yr) ≈ 9.6
(see Figure E1 in the Appendix). This might suggest that
the cINN has a slight tendency to predict something akin
to a mean age value (9.6 is exactly the average) over the
trained range when it encounters a star with uncertain age.
5 PREDICTION
With the excellent performance of the cINN on the synthetic
training data for Wd2 and NGC 6397 we can now benchmark
the method on real observational data. As with the synthetic
test set, to retrieve the posterior distributions we sample the
latent variables 4096 times for each star and determine point
estimates for all physical parameters as described in Section
3.5. Since we have seen no significant differences between the
full models and those that entail prior knowledge about the
age on the synthetic data, in the following we take the full
model predictions as our primary reference and perform a
short comparison with the other models at the end of each
section (providing further details in the Appendix).
5.1 Westerlund 2
Figure 12 presents our cINN prediction results for all six
physical parameters, showing their MAP estimates colour
coded on the optical CMD of Westerlund 2 (cluster mem-
bers only). Overall the results are very reasonable for West-
erlund 2, from sub-solar masses for low mass PMS stars to
above solar masses for UMS stars, with the correct gradients
of L, Teff and g vs. magnitude and colour. On top of that
the median 1.27 Myr cluster age from MAP estimates is well
within the previously determined age range of 1.04±0.72 Myr.
The resulting HRD, shown in Figure 13 (top left panel as
per MAP estimates, top right panel as per entire posteri-
ors), also matches fairly well the 1 Myr isochrone traced in
red for comparison. There is a noticeable spread around the
isochrone, but most of the stars are correctly placed within
the PMS regions of the diagram. Notable is only a small
vertical feature at the extreme right of the predicted HRD,
highlighted by the orange points in the top left panel of Fig-
ure 13, which appears to be deviating more systematically
from the 1 Myr isochrone. These 502 stars, all located at the
very red edge of the CMD (bottom left panel of Figure 13)
have a median photometric error of 0.15 mag. It is quite pos-
sible that the cINN prediction entails this vertical artefact
due to photometric uncertainties, which are not accounted
for in our setup.
We also find other miss-predictions from the cINN. For
MNRAS 000, 1–31 (2020)
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Figure 12. Optical colour magnitude diagrams of the Westerlund 2 HST data, colour coded according to the MAP estimates for the six
physical parameters predicted with the cINN trained on ’Wd2 I’.
584 stars (179 among the HRD outliers) the initial mass
MAP estimate falls below the 0.09 M minimum of the train-
ing set and in 292 cases even below the H-burning threshold
of 0.072 M (Solar metallicity; Chabrier 2002). With a min-
imum of 0.05 M the mass estimates for these stars (red
points, Figure 13 bottom centre panel) are still physically
plausible for, i.e., young brown dwarfs, but this extrapola-
tion might indicate a systematic error. Like the HRD outliers
these objects are subject to a notable amount of photomet-
ric uncertainty (median of 0.2 mag in F814W), being a likely
culprit for these miss-predictions.
For another 818 stars (343 also in HRD outliers) the
MAP age estimate is below the 0.1 Myr training set mini-
mum, going down to 0.02 Myr. Given their location at the
red edge of the CMD (blue points, Figure 13 bottom left
panel) these results are somewhat plausible but not convinc-
ing. Aside from the photometric uncertainties, limitations of
the Zeidler et al. (2015) prescription to estimate stellar ex-
tinction from gas colour excess could provide an explanation
for these results, if e.g. the stellar extinction has been un-
derestimated for these objects.
Lastly, a number of stars are predicted to be unreason-
ably old for Wd2. These are located primarily at the very
blue and red edge of the PMS population in the CMD, but
we also find 86 among them on the turn-on (highlighted
in Figure 14). The former could potentially be field con-
taminants that survived our initial rejection using Besanc¸on
models in the direction of Wd2 (Zeidler et al. 2015) and
are correctly identified as old. Evidence for this hypothesis
is that we identify these outliers in our age prediction pri-
marily in the CMD region where Zeidler et al. (2015) find an
overlap of the Besanc¸on models and the cluster constituents.
For the 86 turn-on stars only the MAP age estimate
is incorrect, as almost all of them show degenerate age
posteriors with a prominent second peak close to the
supposed cluster age. Figure 14 presents three example
age posteriors for these turn-on objects and one from the
majority of well constrained solutions (bottom left panel)
for comparison. In the top-left posterior example, a common
case, an old age appears as the most likely solution, but we
find a secondary maximum at the cluster age. The top-right
panel represents another frequent outcome among these 86
stars, where the young and old solution are almost equally
likely. The (rarely occurring) final case in the bottom right
shows a “complete failure”, where no prominent secondary
maximium exists at the cluster age. Given that (field) RGB
stars can very well overlap with PMS stars within the main
sequence turn-on region, these results demonstrate again
the great strength of the cINN approach as it recognises
and shows this possibility in the predicted age posterior
distributions. At the same time these examples serve as a
reminder that careful post-processing (e.g. identification of
all major peaks) of the predicted posterior distributions is
necessary to avoid possible false conclusions by e.g. relying
MNRAS 000, 1–31 (2020)
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Figure 13. The top panels depict predicted Hertzsprung-Russel-Diagrams for the Westerlund 2 cluster constituents provided by the
cINN model trained on ’Wd2 I’. The left panel shows the HRD based on the MAP predictions for log(L) and log(Teff ), while in the right
panel the entire posterior distributions of these two parameters are plotted for every star. The red line in both diagrams indicates a
1 Myr isochrone for comparison. The orange points in the first panel indicate a possible vertical artefact in the cINN prediction. The
bottom left panel indicates the observed CMD position of these HRD outliers. In the bottom centre and right panels we indicate the
observed CMD positions of a few stars for which the predicted age (blue) or initial mass (red), respectively, are below the lower limits
of the training data.
only on MAP point estimates.
Comparing the predictions on the Wd 2 HST data be-
tween the models ’Wd2 I’ and ’Wd2 II’ we find that they
agree well with each other. See Appendix C and Figure C5
for more details. We conclude that inclusion of prior knowl-
edge in the form of a simple range cut of the training set
does not benefit the cINN approach in the Wd2 case.
5.1.1 Cluster Age
Having assessed the overall satisfying prediction results of
the ’Wd2 I’ cINN model we now derive some physical prop-
erties of the cluster and compare them to previous studies.
To begin we derive a cluster age from our individual
stellar age predictions. As previously mentioned from the
MAP stellar age estimates we find a median age of the clus-
ter stars of 1.27+3.62−0.94 Myr. Determining the cluster age as
the most likely value from the sum of all the individual age
posterior distributions (Figure 15) using a kernel density es-
timate, we find a value of 1.04+8.48−0.90 Myr (MAP and edges of
68% confidence interval). We find an almost identical result
for the same derivation with the ’Wd2 II’ model (See Ap-
pendix C and Figure C6). While we cannot constrain the
cluster age more precisely than the previous study by Zei-
dler et al. (2016), both of our values match the previously
derived age within their errors. This is a very satisfactory
result given that our method derives the cluster age without
any prior knowledge, just on the basis of the stellar magni-
tudes in two photometric broadband filters and an extinction
estimate.
5.1.2 The stellar initial mass function
As our method predicts the initial mass of each star of West-
erlund 2 we can also analyse the initial mass function (IMF)
of the cluster, shown in Figure 16. We suffer from incom-
pleteness at the low mass end and from saturation at the
high mass end but nevertheless, using the range from 0.5 M
to ∼ 5.6 M as a proxy to derive the slope of the high mass
MNRAS 000, 1–31 (2020)
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Figure 14. The middle panel shows a zoom-in of the optical CMD of the Westerlund 2 cluster constituents colour coded according to
the MAP prediction of log(age). The four panels left and right show the predicted age posterior distributions of the highlighted stars in
the CMD. The bottom left panel is an example PMS stars for which our approach provides excellent results, returning a very narrow
age distribution at the proposed cluster age. The remaining three cases are taken from the 86 stars likely on the turn-on for which the
MAP age estimate is significantly above the suggested age of Westerlund 2. The two posterior distributions on the top show commonly
observed behaviour among these 86 stars, where we find a second peak in the age posterior distribution, either less (right panel) or
almost equally likely (left panel), which is more consistent with Westerlund’s suggested age. The bottom right panel is a rare example
where the age posterior distribution shows no significant second peak and the age of the star is predicted to be too old for Wd2.
IMF, we find a value of α = 2.39 ± 0.20, which matches the
Salpeter IMF slope of α = 2.35 within 1σ. Zeidler et al.
(2017) determine a present day mass function (PDMF) with
a slope of α = 2.53 ± 0.05 for the survey area of our Wester-
lund 2 data. Presuming that the PDMF should not deviate
too much from the IMF given the young age of Westerlund 2,
our slope is in good accordance with the result from Zeidler
et al. (2017).
5.1.3 Mass segregation
Zeidler et al. (2017) also find evidence for mass segregation
in Westerlund 2 through the analysis of the PDMF within
different annuli around the midpoint between the main and
northern sub-cluster of Westerlund 2. Using our individual
stellar mass predictions we try to confirm this finding by
computing the mass segregation ratios (MSR) ΛMSR (Alli-
son et al. 2009) and ΓMSR (Olczak et al. 2011). These two
quantities are derived by constructing a minimum spanning
tree (MST) for the N most massive stars within the pop-
ulation and comparing it with k MSTs of N random stars
from the stellar sample. For ΛMSR we then compute the tree
length lmass of the tree with the massive stars and the aver-
age tree length 〈lrand〉 of the k trees of random stars, so that
we find the MSR as
ΛMSR =
〈lrandMST〉
lmassMST
± σrand
lmass
, (19)
where σrand is the standard deviation of 〈lrand〉 (Allison et al.
2009).
ΓMSR is given by the ratio between the mean edge
lengths emass and 〈erand〉:
ΓMSR =
〈erand〉
emass
. (20)
Here we proceed in a fashion similar to ΛMSR, except that we
now calculate the geometric instead of the arithmetic mean.
For each of the k random MSTs we determine the geometric
standard deviation according to
∆ekrand = exp
©­­«
√∑N
i=1(ln eki − ln ekrand)2
N
ª®®¬ , (21)
where eki are the N edges of the kth tree (Olczak et al. 2011),
and then derive the upper and lower 1σ intervals as the
means of the k lower and upper 1σ intervals (note that ∆ekrand
is a multiplicative standard deviation):
Γ
upper
MST =
1
k
k∑
i=1
eirand
emass
∆eirand,
ΓlowerMST =
1
k
k∑
i=1
eirand
emass
1
∆eirand
.
(22)
Values of ΛMST ≈ 1 and ΓMST ≈ 1 indicate that the N mas-
sive and the N randomly selected stars are similarly dis-
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Figure 15. Histogram of the sum of the age posterior distribu-
tions of all Westerlund 2 cluster stars as predicted by the ’Wd2 I’
cINN model. The orange line indicates a kernel density fit to this
’cumulative’ posterior distribution to determine the most likely
cluster age. The red dashed lines mark the width of the 68% con-
fidence interval.
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Figure 16. The predicted Initial Mass Function of Westerlund
2 based on the MAP estimates of Mini of the individual stars
provided by the ’Wd2 I’ cINN model. The black dashed lines
indicate the range (0.5 to ∼ 5.6 M) used to fit the high mass
slope of the IMF. The fit with a slope of α = 2.39± 0.2 is given by
the red line.
tributed, while ΛMST  1 (ΓMST  1) signifies mass seg-
regation and ΛMST  1 (ΓMST  1) suggests inverse mass
segregation where the most massive stars are more spread
outwards (Dib et al. 2018). Following the suggestion in Ol-
czak et al. (2011) we calculate the number k of random pop-
ulation MSTs based on the number N of massive stars, such
that a fraction p = 0.99 of the total population of M stars is
covered according to
k = ceil
(
ln(1 − p)
ln(1 − NM )
)
, (23)
where ceil(x) denotes the ceiling function, i.e. the function
rounding up to the next larger integer.
In the left panel of Figure 17 we present our resulting
MSRs for different numbers N of the most massive stars
drawn from the total population. We find some evidence for
mass segregation as ΛMST > 1 and ΓMST > 1 for the 10 to 100
most massive stars. With a maximum MSR of ∼ 3.4 within
this range, however, our analysis suggests that the mass seg-
regation is not strongly pronounced. The spatial distribution
of the 10 (diamond markers) and the 100 (large circles + di-
amond markers) most massive stars shown for comparison
in the right panel of Figure 17 confirms this finding, as the
most massive stars appear slightly more clustered towards
the centre but not to an excessive degree. The decrease in
MSR for the five and three most massive stars is likely due to
the fact that the single most massive star (MMAPini ≈ 14.7M)
in our sample is actually located away from the centre of
Westerlund 2 (the southernmost diamond in the diagram),
which induces large tree and edge lengths in the MST.
In conclusion, our results for cluster age, slope of the
IMF and observed mass segregation, derived from the cINN
predictions of Westerlund 2, are in good accordance with
previous studies. Therefore, the cINN method performs to a
very satisfactory degree on the actual observational data of
Westerlund 2.
5.2 NGC6397
For NGC 6397 our cINN predictions do not achieve the same
success on the real HST data as for Wd2. Figure 18 sum-
marises our results showing the MAP estimates for the phys-
ical parameters colour coded for every star in the UV-I
CMD. Overall we find fairly plausible values for all param-
eters, except for age. For instance, most predicted masses
are below one solar mass, which is expected for a 13 Gyr
old cluster given that more massive stars should already
have disappeared. With the age prediction, however, we find
worse results. A large fraction of stars is predicted to be
much younger than what would be reasonable for NGC 6397,
considering that some of them are located on the red giant
branch (RGB) and the main sequence turn-off, the features
traditionally used to date globular clusters. The top-left and
top-center panels of Figure 19 show the age prediction more
in detail, separating those stars in the CMD for which the
MAP estimate is plausible (above 1 Gyr) from those where
it is definitely incorrect (below 1 Gyr). Only 1/5 of the stars
(999 out of 4831) have plausible MAP age estimates. Of the
remaining 3832 stars, only 359 have a second or third mode
in their predicted age posterior distributions that falls above
1 Gyr. The top-right panel in Figure 19 shows that most of
these are located at the turn-off and bottom of the RGB, an
indication that the cINN has learned, at least to some de-
gree, that stars located on the turn-off may be old. But even
including these 359 additional stars, where a plausible solu-
tion is part of the posterior distribution, we still find that for
more than two thirds of the observational data our age pre-
diction fails entirely. Failure may be expected for some of the
stars within the NGC 6397 sample as our training set does
not include e.g. white dwarfs, so that a miss-prediction in
these cases is easily explained. If we subtract the latter cases
and the 359 turn-on stars with a plausible second mode, we
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Figure 17. The left panel shows the mass segregation ratios ΛMSP (Allison et al. 2009) and ΓMSP (Olczak et al. 2011) for different
numbers of the most massive stars of Westerlund 2 based on the MAP estimates of the initial mass of the stars. Note that the second
x-axis in this diagram denotes the corresponding lower mass limits, i.e. the mass of the lowest mass star within the set of the N most
massive stars. On the right the spatial distribution of the Westerlund 2 stars is shown colour coded according to the MAP estimate of
the initial mass. The stars highlighted by the large diamond symbols are the 10 most massive stars in our prediction, while the large
circles (plus the diamonds) indicate the 100 most massive stars.
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Figure 18. UV-I CMDs of NGC 6397 colour coded according to the MAP estimates of the six physical parameters log(age), log(Mini),
log(Mcurr), log(L), log(Teff ), log(g) as predicted by the cINN trained on ’NGC6397 I’.
MNRAS 000, 1–31 (2020)
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Figure 19. The top left panel shows the CMD of the 999 NGC 6397 stars for which the MAP estimate of the age, derived from the
’NGC6397 I’ cINN prediction, is above 1 Gyr as indicated by the colour coding. The top middle panel shows the CMD position of the
remaining 3832 stars, also colour coded according to log(age/yr)MAP, for which the MAP estimate is below 1 Gyr for comparison. The
top right panel shows the CMD of the same stars as the middle panel, now colour coded according to the second most likely mode
(the second highest local maximum) of their posterior distribution. Stars that show no second mode in the predicted age posterior are
indicated in grey. The bottom row shows the histograms of the age MAP estimates (or second mode in the age posterior in the last
case) of the stars in the corresponding panels in the top row.
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Figure 20. Histogram of the sum of the age posterior distri-
butions of all NGC 6397 stars, predicted by the cINN trained
on ’NGC6397 I’. The orange line indicates a kernel density fit
to this cumulative posterior distribution to determine the most
likely cluster age.
find that the age prediction fails primarily for low-mass main
(LMS) sequence stars.
Predicting the age of low-mass main sequence stars is
arguably an extremely difficult task as stars with a wide
range of ages share very similar observational features.
Even though the cINN estimates an age within a plausible
range for a number of LMS stars, at least down to about 23
mag in F275W, some of these predictions are still flawed, as
can be seen in the histograms in the bottom row of Figure
19. There are, in particular, cases here where the MAP
estimates are too large, sometimes even way above the age
of the universe. With only a minority of stars with plausible
MAP age estimates, deriving a cluster age as the most likely
age provided by the sum of the age posteriors (Figure 20)
is not applicable. The most likely age value would be 23.4
Myr, way too low, and the barely prominent second peak,
while in the vicinity of the relatively well known cluster
age, still underestimates the age with a value of 7.9 Gyr.
In contrast to the problematic age estimates, luminosity
and effective temperature appear to be predicted quite well
by the cINN model. The left panel in Figure 21 shows the
predicted HRD for NGC 6397 based on the MAP estimates
of log(L) and log(Teff). The cINN prediction traces the 13.4
Gyr isochrone (red line) overall very closely, but there are
a few outliers, indicated by orange points in the diagram.
Among them we find the white dwarfs and blue stragglers as
revealed by the CMDs in the remaining panels of Figure 21.
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Figure 21. Panel a) shows the predicted HRD of NGC 6397 based on the MAP estimates of log(L) and log(Teff ) by the cINN trained on
’NGC6397 I’. The remaining panels b) - d) show in order the UV-V, UV-I and the optical CMDs of the NGC 6397 data, respectively.
The orange marked stars are those for which the cINN prediction of the HRD position deviates strongly from the supposed age of the
cluster of ∼ 13 Gyr, as indicated by the red isochrone in all four diagrams. This series shows that, aside from the white dwarfs and blue
stragglers, the cINN prediction fails where the PARSEC isochrone models fail to fit the data.
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Figure 22. UV-I CMD of the NGC 6397 data colour coded according to the MAP age estimates predicted by the cINN trained on
’NGC6397 II’. In order the three panels show the stars for which we find log(age/yr) < 9, 9 ≤ log(age/yr) ≤ 10.13 and 10.13 < log(age/yr),
respectively. The red line in all diagrams indicates a 13 Gyr isochrone for comparison. This sequence demonstrates that the age prediction
of the ’NGC6397 II’ fails noticeably for those stars, where the observations deviate the most from the theoretical model.
Apart from these cases there are a couple of low-mass main
sequence stars for which the prediction deviates noticeably
from what one would expect, similar to what we found with
the predicted ages. This leads us to a possible hypothesis to
explain the problems our cINN approach encounters with
the low-mass NGC 6397 stars. The main sequence outliers
fall primarily into a region in the observable space where the
PARSEC isochrone models cannot properly fit the observed
data (note the deviation between the red isochrone and
the data points, most obvious in the UV-I CMD in Figure
21 c)). Given that the deviation between model and data
is most severe starting e.g. at ∼ 23 mag in F275W in the
UV-I CMD, this deficiency of the models could also explain
why we find very few plausible age predictions below this
magnitude. The deviation between the model and the data
is not only present for the LMS, but also in the RGB, as
shown by the CMDs. This could further explain the many
age miss-predictions for even the RGB constituents.
If a problem with the underlying stellar evolutionary
models is indeed the root of the cINN prediction shortcom-
ings, restricting the training set to a narrower range as in our
’NGC6397 II’ model cannot be a remedy (see Figures E3,
E4 and E5 in the Appendix). While narrowing the range
provides age predictions much closer to the actual age of
the cluster, a large number of cases show over-prediction
(1013 stars have an age MAP estimate above 13.5 Gyr) as
well as several instances of extrapolation far below the min-
imum age of the ’NGC6397 II’ training set (1751 stars with
ageMAP < 1 Gyr, going down to 0.1 Myr and below). The
CMD positions of the latter outliers (Figure 22) provides
further support for the hypothesis that the discrepancy be-
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tween model and observations causes the prediction issues:
the cINN underestimates the age predominantly for stars lo-
cated where the observed LMS population deviates the most
from the theoretical data. For further evidence on this mat-
ter and additional details on the ’NGC6397 II’ results we
refer to Appendix E.
In conclusion our prediction of physical parameters for
the globular cluster NGC 6397 does not achieve the same
satisfying results as the cINN model does for Westerlund
2. While the predicted masses fall within reasonable ranges
and the HRD constructed from the MAP estimates of L and
Teff traces the theoretical position of the cluster reasonably
well, we find a significant number of outliers and major prob-
lems with the prediction of the age. Here the cINN tends to
overestimate the age for the stars it recognises as old while
severely underestimating the age for a majority of stars of
the globular cluster. Comparing the location of these outliers
in the CMD with the underlying PARSEC models, we be-
lieve that these issues are rooted in a miss-match, contrary
to the Westerlund 2 case, bewteen the isochrones and the
observations of NGC 6397. We find large discrepancies espe-
cially for the LMS and RGB stars (see e.g. Figure 21). This
ultimately demonstrates again that even a machine learning
approach as powerful as the cINN is always only as good
as the underlying physical model. Therefore, it is crucial
to choose models that provide the best agreement with the
data.
6 POSSIBLE EXTENSIONS
6.1 Extinction as a physical parameter
As mentioned in the introduction we keep the regression
problem as simple as possible for this study. Therefore, we
adopt a single value for the metallicity of each cluster and
assume that individual stellar extinctions are known. Nev-
ertheless, given the way our training sets are constructed we
can easily move the extinction from the observable to the
physical parameter space. Because of that, and also in view
of future development of this method, we perform one ’fea-
sibility’ test for both ’Wd2 I’ and ’NGC6397 I’ where the
cINN trains to predict extinction instead of taking it as an
input.
Without further modifications to our approach, the pre-
diction of extinction does not work very well for ’Wd2 I’. Not
only does the predicted extinction on the synthetic test set
exhibit a large RMSE (∼ 1.7 mag) for the point estimates, the
prediction of the remaining parameters also suffers greatly
(e.g. age RMSE increases to 1.3 dex).
In the ’NGC6397 I’ case, however, we find that the
cINN can easily predict the extinction. Here the RMSE of
the point estimates is only 0.008 mag (first panel in Figure
23), and there is no significant degradation of the predictive
capabilities for the other parameters. Part of the failure of
the Wd2 model can likely be attributed to the much larger
extinction range, 12 mag, adopted for ’Wd2 I’ training set
in comparison to the only 3 mag range for the ’NGC6397 I’
case. Another possibility, however, could be that the ’Wd2 I’
training set only uses two photometric filters, too few to
properly constrain the extinction. A more optimised archi-
tecture of the cINN may be required in these cases.
Given this promising outcome for the extinction pre-
diction of the ’NGC6397 I’ cINN model on the synthetic
data, we further evaluate its performance by predicting the
known extinction of the real NGC 6397 data. The results
are shown in panels 2-4 of Figure 23. The histogram of the
MAP estimates in panel 2 shows that the prediction for AV
is fairly accurate, the mean being even within the narrow
three sigma range determined by Brown et al. (2018). There
are a few cases where the cINN predicts an un-physical neg-
ative extinction value. As we have not enforced the extinc-
tion value to be positive during training, by e.g. taking its
logarithm, this could easily be remedied in further optimiza-
tion. The third and fourth panel show the predicted extinc-
tion corrected CMD of NGC 6397 (colour-coded according to
AMAPV ) and the extinction corrected CMD retrieved by ran-
domly sampling the extinction values of Brown et al. (2018).
The overall shape matches fairly well, especially the turn-off
points are in good agreement. The cases where the cINN
prediction fails (grey points in the third panel) are mostly
related to the issue with the PARSEC isochrones, that we
have discussed in Section 5.2.
Nevertheless, this test shows that extinction prediction
is very well within the capability of the cINN method, at
least if enough photometric filters are available as features,
the considered extinction range is small enough, or a com-
bination of both.
6.2 Other
Beside the prediction of extinction there are several physi-
cal effects, such as variability or photometric uncertainties,
that provide room for extensions to our approach. While the
latter can be taken into account using a weighted sampling
strategy within the uncertainties of the observational data,
developing an intrinsic uncertainty propagation mechanism
would be a powerful extension to the approach.
In this paper we have also presented one approach to
incorporating prior knowledge (specifically metallicity and
age) into our method by curating training sets accordingly.
Taking the young cluster Westerlund2 as an example, i.e.
comparing the results of ’Wd2 I’ and ’Wd2 II’, this proce-
dure does not necessarily change the cINN outcome. The
alternative of treating prior knowledge intrinsically rather
than through training set modification is another possible
extension that could benefit the approach. A possible way
to do so could be through modification of the target distri-
bution of one or more latent variables. Within the approach
we have presented, using Gaussian distributions as targets
is the simplest choice, but an arbitrary one. In principle
any distribution (for which a log-likelihood can be defined)
can serve as the target during training of the cINN. There-
fore, we plan to investigate if setting prior knowledge, e.g. a
distribution of plausible ages for a given cluster, as the tar-
get distribution of one of the latent variables will have the
desired effect of incorporating additional prior information
more effectively.
7 SUMMARY AND CONCLUSIONS
In this paper we present the application of a novel invertible
neural network approach to the task of predicting physical
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Figure 23. The first diagram shows the MAP estimates of extinction against the true values for 20,000 test observations as predicted by
a cINN trained on ’NGC6397 I’. The second panel shows a histogram of the predicted AV MAP estimates of the NGC 6397 HST data in
comparison to the known mean extinction (red dashed line; Brown et al. 2018). The third and fourth panel show extinction corrected
UV-I CMDs of the NGC 6397 HST data, once corrected via the MAP extinction estimates and once by sampling from AV = 0.5735±0.0062
(as suggested by Brown et al. 2018). In the third panel the stars are additionally colour coded according to AMAPV and the grey points
indicate stars for which the MAP estimate is an unphysical value below 0.
parameters for individual stars based on photometric obser-
vations. In many such inverse regression problems the map-
ping from the physical parameters of interest x to the associ-
ated observables y is subject to an inherent information loss
that induces degeneracies as y no longer captures all variance
of x. To retain this information otherwise lost the conditional
invertible neural network (cINN) encodes all variance of x
that is not covered by y in latent (not observable) variables
z by learning a mapping from x to z conditioned on y. Due
to the invertible architecture of this network, after learning
this forward mapping it automatically provides a solution
for the inverse mapping x = g(z; y), and by sampling the la-
tent variables z one obtains estimates for the full posterior
distributions p(x|y) of interest.
We introduce cINNs to the analysis of photometric data
by training and testing on synthetic data from the PAR-
SEC stellar evolutionary models (Bressan et al. 2012) and
performing a benchmark analysis on real observational data
obtained by the Hubble Space Telescope for the young clus-
ter Westerlund 2 and the old globular cluster NGC 6397. We
construct the synthetic training sets by adopting isochrone
model tables of the correct metallicity for Westerlund 2 and
NGC 6397, respectively, with the aim to predict age, ini-
tial and current mass, luminosity, effective temperature and
surface gravity of each cluster star. To overcome sampling
issues in the Mini and age spaces of the isochrone tables,
we first oversample each individual isochrone using a spline
interpolation and then extract sample points to fill up un-
derpopulated areas within the parameter space. To simplify
this regression problem we use extinction as an observable
parameter, in addition to the available photometry. To ac-
count for extinction within the synthetic training set, as-
suming every isochrone model point to be a synthetic star,
we add multiple examples of the same star with different
amounts of extinction to the training sets.
In order to evaluate how the cINN prediction on the
real data behaves when we include prior knowledge about
the age of the respective clusters, we construct two training
sets for each cluster, one encompassing the entire age range
of our theoretical models, from log(age/yr) = 5 to 10.13, the
other with a reduced age range close to the actual cluster age
(log(age/yr) = 5 to 8 for Wd2 and 9 to 10.13 for NGC 6397).
To derive point estimates from the predicted posterior dis-
tributions we use kernel density estimation with bandwidths
determined according to Silverman’s rule of thumb. In this
way we find the most likely values of physical parameters
(maximum a posteriori estimates) in the marginalised dis-
tributions. We ascertain the training performance of our
four models on a test set of 20.000 random synthetic ob-
servations that are excluded for the training process. Us-
ing this sample we determine for each parameter the me-
dian calibration error, the uncertainty at 68% confidence
as well as the standard and normalized root mean squared
error (RMSE/NRMSE) between the maximum a posteriori
(MAP) parameter estimates and the known true parameter
values. Using a simple nearest neighbour approach on the
training data we also approximate a re-simulation error for
the predicted posteriors on the synthetic test set. Our main
results from the tests on synthetic data are the following:
i) Once trained (∼ 2 h) the cINN can rapidly predict a
posterior distribution for a single star. Using GPU accelera-
tion on a Nvidia GTX 1080 the cINN can predict about 35
posterior distributions with 4096 samples per second.
ii) On the synthetic test data the prediction of ini-
tial/current mass, luminosity, effective temperature and sur-
face gravity works extraordinarily well with posterior distri-
butions that are narrowly constrained around the true values
and low RMSEs of the derived MAP parameter estimates.
iii) Predicting the stellar age is a more difficult task. The
predicted posteriors tend to be broader and often exhibit
multi-modalities, revealing ample degeneracies in the age
prediction. While we can confirm that the true value is part
of the predicted distribution in more than 99% of the cases,
there are several instances where the true solution does not
coincide with the most likely outcome of the posterior, falling
into a second peak instead. In itself this is not problematic as
a true posterior describes all possible parameters that could
explain a given observation, such that the most likely pre-
diction does not have to be the one that generated the given
observation. However, as a consequence we find significantly
more cases in the age prediction where our point estimates
deviate from the true value. The intermediate age range from
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log(age/yr) = 6.5 to 8.5 is the least affected, whereas the pre-
dictions for very old stars (> 1 Gyr) show a notable amount
of instances where the MAP estimate is off by ∼ 0.4 dex on
average. When fewer photometric filters (2 instead of 5) are
available, as in the case of our Wd2 training set, we also ob-
serve more deviations for the very young stars (< 10 Myr).
Nevertheless, overall these cases where the MAP estimate
deviates strongly from the true value are still a minority.
iv) Our nearest neighbour re-simulation approximation re-
turns small errors, confirming the validity of the predicted
posterior distributions and identified degeneracies.
v) The predictive performance of the cINN improves (espe-
cially for the age) when more photometric filters are included
in the observables. However, even with perfect information
(17 photometric filters here) the prediction of age for old
stars (1 Gyr and older) still remains highly challenging.
Applied to observed data of Westerlund 2 and NGC 6397 we
find:
vi) The cINN predictions based on the HST data of
Westerlund 2 return excellent results. With a median of
1.27+3.62−0.94 Myr of the age MAP estimates and a most likely
value of 1.04+8.48−0.90 Myr from the sum of all age posteriors, the
cINN results are in good accordance with the previously de-
termined age of Westerlund 2 of 1.04±0.72 Myr (Zeidler et al.
2016). Furthermore, the cINN correctly recognises that stars
located on the turn-on could potentially also be RGB stars
and thus returns multi-modal age posterior distributions,
highlighting this degeneracy.
vii) Based on the cINN mass estimates, we are able to con-
struct the IMF of Wd2 and fit its high-mass slope. We find
a value of α = 2.39 ± 0.2, which corresponds to the Salpeter
slope within one sigma and is in accordance with the pre-
viously determined slope of the present day mass function
of α = 2.53 ± 0.05 (Zeidler et al. 2017). We also find evi-
dence for mass segregation based on the mass segregation
ratios ΛMSR and ΓMSR of individual stars, again confirming
previous results by Zeidler et al. (2017).
viii) For NGC 6397 the cINN predictions are not as good as
for Westerlund 2. While certain properties are recovered,
such as the predicted Hertzsprung-Russel diagram which
traces the isochrone corresponding to the known clusters age
relatively well, there are glaring issues with the prediction
of the cluster age. The majority of stars is predicted to be
much younger than the actual cluster age, while stars that
are correctly identified as old tend to have an overestimated
age. We identify the culprit for these unsatisfying results in
the PARSEC evolutionary models, as they do not fit the
observations of this globular cluster well enough. This ex-
ample highlights that the careful selection of the underlying
physical model is of utmost importance for our approach.
ix) When enough photometric filters are available (e.g. 5 in
the case of NGC 6397) the cINN can also predict extinction
very well, instead of using it as an input observable, with-
out losing accuracy in the prediction of the other physical
parameters.
Overall the results presented in this paper demonstrate that
the cINN is a very powerful approach that can solve the
problem of predicting physical parameters from photometry
data if the underlying physical models are selected carefully
to match the observations. In other words, the possibility of
solving the inverse problems (from observations to the phys-
ical parameters of each star) relies heavily on the quality of
the forward modeling (from physical parameters to synthetic
observations). In the case of Westerlund 2 we correctly re-
cover the main cluster properties using only 2 photometric
filters and an estimate of stellar extinction as an input. The
cINN method can successfully learn and highlight degen-
eracies that appear within the given problem, making it an
excellent tool for tasks that are subject to degenerate map-
pings from physical to observable parameter space.
In this paper we purposefully keep the regression prob-
lem as simple as possible, in particular we only consider
the single metallicity case, using extinction as an input pa-
rameter and ignore photometric errors. We plan to address
these effects, together with variability and binarity, in future
studies. As demonstrated for the example of the old globu-
lar cluster NGC 6397, predicting extinction is already well
within the capacity of the cINN. However, it might require
some architecture optimization to support observations with
a low number of filters or regions with a large range of dif-
ferential extinction. Photometric errors can be taken into
account to some degree at this stage already, at least at the
prediction stage, by simply re-sampling the observations ac-
cording to their errors and performing a weighted addition
of the resulting posterior distributions. In the future we also
plan to investigate if some intrinsic treatment is possible at
the training stage of the network, e.g. by incorporating un-
certainties in the training set. Another avenue that we aim
to pursue is the possibility of considering prior knowledge as
part of the training strategy rather than incorporating it in
the training set. Ultimately our goal is to provide observers
with a robust, efficient and general tool to analyse obser-
vations and retrieve the key physical parameters of their
targets.
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Filter
Aλ
AV
F275WWFC3 1.94436
F336WWFC3 1.65798
RV = 3.1 F438WWFC3 1.33088
F606WACS 0.92246
F814WACS 0.60593
F218WWFC3 2.53769
F225WWFC3 2.21539
F275WWFC3 1.75064
F336WWFC3 1.49531
F390WWFC3 1.39453
F438WWFC3 1.28651
F475WWFC3 1.15971
F555WWFC3 1.03555
RV = 3.8 F606WWFC3 0.93420
F625WWFC3 0.88084
F775WWFC3 0.67977
F814WWFC3 0.62821
F105WWFC3 0.39924
F110WWFC3 0.34595
F125WWFC3 0.30448
F140WWFC3 0.25550
F160WWFC3 0.21792
Table A1. Overview of the Aλ/AV values derived from the
(Cardelli et al. 1989) extinction curve according to Eq. (3) for
the HST filters used in the Wd2 and NGC 6397 observations.
APPENDIX A: GENERAL
Table A1 summarises the Aλ/AV values we have derived ac-
cording to Equation (3) for all of the HST filters following
the Cardelli et al. (1989) Milky Way extinction curve. The
wavelength dependent coefficients aλ(x) and bλ(x), where
x = λ−1(µm−1), are given by Equations 2-4 in Cardelli et al.
(1989) and are defined as follows. For the infrared regime
0.3 µm−1 ≤ x ≤ 1.1µm−1 they are given by
a(x) = 0.574x1.61,
b(x) = −0.527x1.61.
(A1)
In the optical and NIR regime, 1.1 µm−1 ≤ x ≤ 3.3µm−1,
follows
a(x) = 1 + 0.17699y − 0.50447y2 − 0.02427y3 + 0.72085y4
+ 0.01979y5 − 0.77530y6 + 0.32999y7,
b(x) = 1.41338y + 2.28305y2 + 1.07233y3 − 5.38434y4
− 0.62251y5 + 5.30260y6 − 2.09002y7,
(A2)
where y = x − 1.82.
Finally, for the UV regime, 3.3 µm−1 ≤ x ≤ 8µm−1, they are
defined as
a(x) = 1.752 − 0.316x − 0.104(x − 4.67)2 + 0.341 + Fa(x),
b(x) = −3.090 + 1.825x + 1.206(x − 4.62)2 + 0.263 + Fb(x),
(A3)
where Fa(x) = Fb(x) = 0 for x < 5.9 and
Fa(x) = −0.04473(x − 5.9)2 − 0.009779(x − 5.9)3,
Fb(x) = 0.2130(x − 5.9)2 + 0.1207(x − 5.9)3
(A4)
for 5.9 ≤ x ≤ 8.
Figure A1 shows the prior distributions of all six phyis-
cal parameters, i.e. age, initial Mini and current mass Mcurr,
luminosity L, surface temperature Teff , surface gravity g, for
the four training sets ’Wd2 I’, ’Wd2 II’, ’NGC6397 I’ and
’NGC6397 II’ that we employ in this study.
APPENDIX B: ’WD2 I’
This appendix provides additional result diagrams for cINN
models trained on ’Wd2 I’ and variations thereof.
Figure B1 shows the covariance matrix of the latent
variables in the left panel and their corresponding his-
tograms in comparison to the target normal distribution in
the right panel as evaluated on the 20,000 test observations
using the trained ’Wd2 I’ model. These two diagrams serve
as an example for convergence of the cINN model.
Corresponding to the series of posterior against true
value diagrams presented in Figure 11 the respective MAP
vs. true diagrams are shown in Figure B2. Both these
figures demonstrate how the cINN predictive performance
improves with an increase of the number of photometric
filters used as input.
APPENDIX C: ’WD2 II’
In this appendix we provide additional plots and further
discussion for the cINN trained on ’Wd2 II’.
Figures C1 and Figures C2 present the MAP and pos-
terior against true diagrams for ’Wd2 II’ corresponding to
Figures 9 and 10 presented in the main paper for ’Wd2 I’.
These two diagrams show that the final cINN model on
’Wd2 II’ does not differ significantly from the ’Wd2 I’ solu-
tion. Aside from a few more outlier cases that likely cause
the increased RMSEs of the physical parameters beside age,
the point estimate performance shows similar successes and
flaws, especially the same increased number of outliers in
the age prediction for the young stars. As already indicated
by comparable median uncertainties (except age) the pos-
terior distributions are equally unaffected by the age cut in
the ’Wd2 II’ training set. The predicted age posteriors also
do not show significant changes except for the obvious lim-
itation due to the smaller age range of ’Wd2 II’ and a rare
tendency to extrapolate down to log(age/yr) = 4, which we
do not observe for ’Wd2 I’. The more limited age range of
course eliminates some of the degeneracies that may have
caused some of the false MAP estimates in the ’Wd2 I’ pre-
diction, like for example the few 10 to 100 Myr old stars in
Figure 9 that have a MAP prediction somewhere between
100 Myr to 1 Gyr. As these are rare cases in the previous
test, however, it seems safe to say that the decrease in RMSE
and median uncertainty is primarily caused by the fact that
the posterior distributions should span a smaller range of
maximum 3 dex instead of the 5 dex in ’Wd2 I’. The almost
equal NRMSEs confirm this.
Corresponding to Figure 12 we show the ’Wd2 II’ pre-
diction results for all physical parameters in terms of the
MAP estimates in the CMDs of Figure C3.
Analogous to Figure 13 we show the predicted HRD for
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Figure A1. Prior distributions of all physical parameters in our training sets. From top to bottom the training sets are ’Wd2 I’, ’Wd2 II’,
’NGC6397 I’ and ’NGC6397 II’, respectively.
Figure B1. Left: The covariance matrix of the latent variables evaluated on 20,000 test observations provided by the cINN model
trained on ’Wd2 I’. Right: Histograms of the individual latent variable distributions. The black line indicates the distribution of the
sum of all latent variables, while the grey line shows the target Normal distribution for reference.
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Figure B2. 2D histograms of the MAP estimates of the age against the true value for 20,000 observations from the test set as predicted
by the ’Wd2 I’ cINN model with increased amounts of features compared to our standard ’Wd2 I’ setup. On top of the extinction the
columns indicate increasing numbers of photometric filters used as features. The 3 filter case entails the HST filters F555W, F814W,
F160W, the 5 filter one adds F275W and F336W to that, and the 9 filter further includes F438W, F606W, F775W and F110W on top of
the previous. The final 17 filter case entails all previous filters in addition to F218W, F225W, F390W, F475W, F625W, F105W, F125W
and F140W. This sequence shows that the point estimate accuracy of the cINN improves with increasing number of available features as
the RMSE decreases as well as the number of predictions that fall off the perfect 1-to-1 correlation.
Figure C1. 2D histograms of the MAP estimates plotted against the true values for the six physical parameters we predict with the
cINN trained on ’Wd2 II’ for 20,000 cases from our test set. From top left to bottom right we show age, Mini, Mcurr, L, Teff and g.
the observational Wd2 data as given by the ’Wd2 II’ model
in Figure C4.
Figure C5 shows the comparison of the MAP estimates
between the two models. In general the deviations in the
MAP for all physical parameters are fairly insignificant ex-
cept for age, with RMS deviations on the order of a few 0.01
dex. In the case of the age prediction the deviations appear
more severe, on average about 0.499 dex, likely caused by
the cut-off around log(age/yr) = 8 for ’Wd2 II’. Overall most
predictions (note the logarithmic colour coding) fall onto the
identity mapping, except for a set of about 500 stars which
are placed at log(age/yr) ∼ 5.7 by the ’Wd2 II’ model, while
the ’Wd2 I’ extrapolated an age below 0.1 Myr here. How-
ever, as the median relative deviation between the two MAP
estimates is only 0.3% it is safe to say that the two models
do not differ significantly.
We conclude that the cINN does not get confused in
any significant way if there are more potentially degenerate
MNRAS 000, 1–31 (2020)
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Figure C2. 2D histograms of the entire predicted posteriors plotted against the true value of the six physical parameters provided by
the cINN trained on ’Wd2 II’ for 20,000 cases from the respective test set. From top left to bottom right age, Mini, Mcurr, L, Teff and g
are shown.
mappings in the training set, as the full model predicts the
same physical parameters as the model that incorporates
prior knowledge to decrease the amount of degeneracies.
Figure C6 presents the derivation of a cluster age
of Wd2 based on the sums of the age posteriors for the
predictions by the ’Wd2 II’ model. Here we find a similar
result as for the ’Wd2 I’ model shown in Figure 15, except
for a split peak with maxima at 0.5 Myr and 1.04 Myr in
the sum of posterior distributions. As these two solutions
are part of one major peak they likely belong to the same
mode of the distribution, located at the Wd2 cluster age.
This demonstrates again that ’Wd2 II’ agrees well with
’Wd2 I’.
APPENDIX D: ’NGC6397 I’
Appendix D provides complementary diagrams and discus-
sion for the ’NGC6397 I’ cINN results.
Figure D1 provides the MAP vs. true diagram for
’NGC6397 I’ analogous to Figures 9 and C1. Figure D2
shows the corresponding posterior vs. true diagram (c.f.
Figures 10 and C2). These two figures show that the
’NGC6397 I’ model delivers overall similar results to
’Wd2 I’, except for slight improvements in prediction accu-
racy. These can likely be accredited to the larger coverage
of 5 filters in ’NGC6397 I’ over the 2 filters in ’Wd2 I’ as
a comparison of Figure D1 to the 5 filter experiment for
’Wd2 I’ in Figure B2 confirms. The same comparison holds
for Figure D2 vs. the 5 filter results for ’Wd2 I’ displayed
in Figure 11.
APPENDIX E: ’NGC6397 II’
This appendix presents additional diagrams and discussion
concerning the results of the ’NGC6397 II’ cINN model.
Figures E1 and E2 show the MAP and posterior vs. true dia-
grams for ’NGC6397’, respectively, corresponding to Figures
9, 10 for ’Wd2 I’, Figures C1, C2 for ’Wd2 II’ and Figures
D1, D2 for ’NGC6397 I’.
Figures E3 shows the CMD coloured according to the
MAP estimates analogous to Figure 18 for ’NGC6397 I’. In
correspondence to the top left panel of Figure E3 Figure 22
in the main paper provides a breakdown of the age predic-
tion results in the CMD, distinguishing under- and overes-
timates from the reasonable outcomes. Figure 22 also indi-
cates that the elimination of all pre-main sequence examples
in ’NGC6397 II’ helps the cINN to recognise the turn-off and
RGB stars as old objects (c.f. Figure 19 for ’NGC6397 I’).
As the right panel demonstrates, discrepancies between the
observed and modelled RGBs are again a likely cause for the
cINN age overestimates for a number of RGB constituents.
While the age predictions have arguably somehow improved,
the prediction of effective temperature and luminosity ap-
pear to suffer slightly with the ’NGC6397 II’ cINN. Figure
E4 shows the corresponding predicted HRD in the left panel,
indicating about 650 outliers (orange points) to the right of
the 13 Gyr isochrone, which do not appear in the correspond-
ing ’NGC6397 I’ diagram. The right panel in the same figure
MNRAS 000, 1–31 (2020)
Stellar Parameters from INNs 31
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
ll
l
l
l
l
l
l
ll
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
ll
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
ll
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
ll
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
ll
l
l
l
l
l
l
l
l
l
l
l
l
l
l l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
ll
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
ll
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
ll
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
ll
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
ll l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
ll
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
ll
l
l
l
l
l
l
l
l
l
l
l
l
l l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
ll
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
ll
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
ll
l
l
l
l
l
l
l
l l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
ll
l
l
l
l
l
l
l
l
l
l
l
ll
l
l
l
l
l
l
l
l
l
l
l
ll
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
ll
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l l
l
l
l
l
l
l
l
l
l
l
ll
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
ll
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
ll
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
ll
l
l
l
l
l l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l l
ll
l
l
l
l
l
l
l
l
l
l
l
l
l
l l
l
l
l
l
l
l
l
l ll
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
ll
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
ll
l
l
l
l
l
l
l
l l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
ll
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
ll
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l l
l
l l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
ll
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
ll
l
ll
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
ll
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
ll
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l l
l
l
l
l
l
ll
l
l
l l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
ll
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
ll
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
ll
l
l
l
l
l
l
l
ll
l
l
l
l
l
l
l
l
l
l
l
l
l
l l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
ll
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
ll
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
ll
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
ll
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
ll
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l l
l
l
l
l
l
l
l
l
l
l
l
ll
l
l
l
l
l
l
l
ll
l
l
l
ll
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
ll
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
ll
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l l
l
l
l
l
l
l
l
l
l
l
l
l
l
ll
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l l
ll
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
ll
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
ll
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
ll
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
ll
l
l
l
l
l
l
l
l
l
ll
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l l
l
l
l
l
l l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
ll
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
ll
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
ll
l
l
l
l
l
l
l
l
l
l
l
l
l
ll
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l l
l
l
l
l
l
l
l l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l l
l
l
l
l
l
l
l
l
l
l l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
16
20
24
3 5 7
F814W−F160W (mag)
F8
14
W
 (m
ag
)
5 6 7 8
log(age/yr)MAP
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
ll
l
l
l
l
l
l
ll
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
ll
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
ll
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
ll
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
ll
l
l
l
l
l
l
l
l
l
l
l
l
l
l l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
ll
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
ll
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
ll
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
ll
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
ll l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
ll
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
ll
l
l
l
l
l
l
l
l
l
l
l
l
l l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
ll
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
ll
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
ll
l
l
l
l
l
l
l
l l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
ll
l
l
l
l
l
l
l
l
l
l
l
ll
l
l
l
l
l
l
l
l
l
l
l
ll
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
ll
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l l
l
l
l
l
l
l
l
l
l
l
ll
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
ll
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
ll
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
ll
l
l
l
l
l l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l l
ll
l
l
l
l
l
l
l
l
l
l
l
l
l
l l
l
l
l
l
l
l
l
l ll
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
ll
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
ll
l
l
l
l
l
l
l
l l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
ll
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
ll
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l l
l
l l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
ll
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
ll
l
ll
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
ll
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
ll
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l l
l
l
l
l
l
ll
l
l
l l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
ll
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
ll
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
ll
l
l
l
l
l
l
l
ll
l
l
l
l
l
l
l
l
l
l
l
l
l
l l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
ll
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
ll
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
ll
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
ll
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
ll
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l l
l
l
l
l
l
l
l
l
l
l
l
ll
l
l
l
l
l
l
l
ll
l
l
l
ll
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
ll
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
ll
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l l
l
l
l
l
l
l
l
l
l
l
l
l
l
ll
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l l
ll
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
ll
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
ll
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
ll
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
ll
l
l
l
l
l
l
l
l
l
ll
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l l
l
l
l
l
l l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
ll
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
ll
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
ll
l
l
l
l
l
l
l
l
l
l
l
l
l
ll
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l l
l
l
l
l
l
l
l l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l l
l
l
l
l
l
l
l
l
l
l l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
16
20
24
3 5 7
F814W−F160W (mag)
F8
14
W
 (m
ag
)
−1.0−0.5 0.0 0.5 1.0
log(Mini Msun)MAP
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
ll
l
l
l
l
l
l
ll
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
ll
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
ll
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
ll
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
ll
l
l
l
l
l
l
l
l
l
l
l
l
l
l l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
ll
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
ll
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
ll
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
ll
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
ll l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
ll
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
ll
l
l
l
l
l
l
l
l
l
l
l
l
l l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
ll
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
ll
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
ll
l
l
l
l
l
l
l
l l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
ll
l
l
l
l
l
l
l
l
l
l
l
ll
l
l
l
l
l
l
l
l
l
l
l
ll
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
ll
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l l
l
l
l
l
l
l
l
l
l
l
ll
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
ll
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
ll
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
ll
l
l
l
l
l l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l l
ll
l
l
l
l
l
l
l
l
l
l
l
l
l
l l
l
l
l
l
l
l
l
l ll
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
ll
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
ll
l
l
l
l
l
l
l
l l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
ll
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
ll
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l l
l
l l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
ll
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
ll
l
ll
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
ll
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
ll
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l l
l
l
l
l
l
ll
l
l
l l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
ll
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
ll
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
ll
l
l
l
l
l
l
l
ll
l
l
l
l
l
l
l
l
l
l
l
l
l
l l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
ll
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
ll
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
ll
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
ll
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
ll
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l l
l
l
l
l
l
l
l
l
l
l
l
ll
l
l
l
l
l
l
l
ll
l
l
l
ll
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
ll
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
ll
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l l
l
l
l
l
l
l
l
l
l
l
l
l
l
ll
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l l
ll
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
ll
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
ll
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
ll
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
ll
l
l
l
l
l
l
l
l
l
ll
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l l
l
l
l
l
l l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
ll
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
ll
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
ll
l
l
l
l
l
l
l
l
l
l
l
l
l
ll
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l l
l
l
l
l
l
l
l l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l l
l
l
l
l
l
l
l
l
l
l l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
16
20
24
3 5 7
F814W−F160W (mag)
F8
14
W
 (m
ag
)
−1.0−0.5 0.0 0.5 1.0
log(Mcurr Msun)MAP
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
ll
l
l
l
l
l
l
ll
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
ll
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
ll
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
ll
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
ll
l
l
l
l
l
l
l
l
l
l
l
l
l
l l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
ll
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
ll
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
ll
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
ll
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
ll l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
ll
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
ll
l
l
l
l
l
l
l
l
l
l
l
l
l l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
ll
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
ll
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
ll
l
l
l
l
l
l
l
l l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
ll
l
l
l
l
l
l
l
l
l
l
l
ll
l
l
l
l
l
l
l
l
l
l
l
ll
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
ll
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l l
l
l
l
l
l
l
l
l
l
l
ll
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
ll
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
ll
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
ll
l
l
l
l
l l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l l
ll
l
l
l
l
l
l
l
l
l
l
l
l
l
l l
l
l
l
l
l
l
l
l ll
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
ll
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
ll
l
l
l
l
l
l
l
l l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
ll
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
ll
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l l
l
l l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
ll
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
ll
l
ll
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
ll
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
ll
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l l
l
l
l
l
l
ll
l
l
l l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
ll
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
ll
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
ll
l
l
l
l
l
l
l
ll
l
l
l
l
l
l
l
l
l
l
l
l
l
l l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
ll
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
ll
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
ll
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
ll
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
ll
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l l
l
l
l
l
l
l
l
l
l
l
l
ll
l
l
l
l
l
l
l
ll
l
l
l
ll
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
ll
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
ll
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l l
l
l
l
l
l
l
l
l
l
l
l
l
l
ll
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l l
ll
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
ll
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
ll
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
ll
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
ll
l
l
l
l
l
l
l
l
l
ll
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l l
l
l
l
l
l l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
ll
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
ll
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
ll
l
l
l
l
l
l
l
l
l
l
l
l
l
ll
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l l
l
l
l
l
l
l
l l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l l
l
l
l
l
l
l
l
l
l
l l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
16
20
24
3 5 7
F814W−F160W (mag)
F8
14
W
 (m
ag
)
0 2 4
log(L/Lsun)MAP
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
ll
l
l
l
l
l
l
ll
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
ll
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
ll
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
ll
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
ll
l
l
l
l
l
l
l
l
l
l
l
l
l
l l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
ll
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
ll
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
ll
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
ll
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
ll l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
ll
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
ll
l
l
l
l
l
l
l
l
l
l
l
l
l l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
ll
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
ll
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
ll
l
l
l
l
l
l
l
l l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
ll
l
l
l
l
l
l
l
l
l
l
l
ll
l
l
l
l
l
l
l
l
l
l
l
ll
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
ll
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l l
l
l
l
l
l
l
l
l
l
l
ll
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
ll
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
ll
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
ll
l
l
l
l
l l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l l
ll
l
l
l
l
l
l
l
l
l
l
l
l
l
l l
l
l
l
l
l
l
l
l ll
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
ll
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
ll
l
l
l
l
l
l
l
l l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
ll
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
ll
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l l
l
l l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
ll
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
ll
l
ll
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
ll
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
ll
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l l
l
l
l
l
l
ll
l
l
l l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
ll
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
ll
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
ll
l
l
l
l
l
l
l
ll
l
l
l
l
l
l
l
l
l
l
l
l
l
l l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
ll
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
ll
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
ll
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
ll
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
ll
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l l
l
l
l
l
l
l
l
l
l
l
l
ll
l
l
l
l
l
l
l
ll
l
l
l
ll
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
ll
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
ll
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l l
l
l
l
l
l
l
l
l
l
l
l
l
l
ll
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l l
ll
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
ll
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
ll
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
ll
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
ll
l
l
l
l
l
l
l
l
l
ll
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l l
l
l
l
l
l l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
ll
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
ll
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
ll
l
l
l
l
l
l
l
l
l
l
l
l
l
ll
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l l
l
l
l
l
l
l
l l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l l
l
l
l
l
l
l
l
l
l
l l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
16
20
24
3 5 7
F814W−F160W (mag)
F8
14
W
 (m
ag
)
3.6 3.9 4.2
log(Teff K)MAP
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
ll
l
l
l
l
l
l
ll
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
ll
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
ll
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
ll
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
ll
l
l
l
l
l
l
l
l
l
l
l
l
l
l l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
ll
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
ll
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
ll
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
ll
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
ll l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
ll
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
ll
l
l
l
l
l
l
l
l
l
l
l
l
l l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
ll
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
ll
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
ll
l
l
l
l
l
l
l
l l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
ll
l
l
l
l
l
l
l
l
l
l
l
ll
l
l
l
l
l
l
l
l
l
l
l
ll
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
ll
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l l
l
l
l
l
l
l
l
l
l
l
ll
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
ll
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
ll
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
ll
l
l
l
l
l l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l l
ll
l
l
l
l
l
l
l
l
l
l
l
l
l
l l
l
l
l
l
l
l
l
l ll
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
ll
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
ll
l
l
l
l
l
l
l
l l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
ll
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
ll
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l l
l
l l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
ll
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
ll
l
ll
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
ll
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
ll
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l l
l
l
l
l
l
ll
l
l
l l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
ll
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
ll
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
ll
l
l
l
l
l
l
l
ll
l
l
l
l
l
l
l
l
l
l
l
l
l
l l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
ll
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
ll
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
ll
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
ll
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
ll
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l l
l
l
l
l
l
l
l
l
l
l
l
ll
l
l
l
l
l
l
l
ll
l
l
l
ll
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
ll
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
ll
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l l
l
l
l
l
l
l
l
l
l
l
l
l
l
ll
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l l
ll
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
ll
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
ll
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
ll
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
ll
l
l
l
l
l
l
l
l
l
ll
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l l
l
l
l
l
l l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
ll
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
ll
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
ll
l
l
l
l
l
l
l
l
l
l
l
l
l
ll
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l l
l
l
l
l
l
l
l l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l l
l
l
l
l
l
l
l
l
l
l l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
l
16
20
24
3 5 7
F814W−F160W (mag)
F8
14
W
 (m
ag
)
1 2 3 4
log(g/cm s−2)MAP
Figure C3. Optical colour magnitude diagrams of the Westerlund 2 HST data, colour coded according to the MAP estimates for the
six physical parameters predicted with the cINN trained on ’Wd2 II’.
Figure C4. Predicted Hertzsprung-Russel-Diagram for the West-
erlund 2 cluster constituents provided by the cINN model trained
on ’Wd2 II’. The left panel shows the HRD based on the maxi-
mum a posteriori predictions for log(L) and log(Teff ), while in the
right panel the entire posterior distributions of these two param-
eters are plotted for every star. The red line in both diagrams
indicates a 1 Myr isochrone for comparison.
suggests that these outliers are, again, mainly LMS stars lo-
cated where model and observations disagree the most.
Figure E5 presents the cluster age derivation, analogous
to Figure 20 shown in the main paper for ’NGC6397 I’. Here
it is worth mentioning that a cluster age of 13.4+3.4−13.2 Gyr,
determined from the most likely value of the sum of all in-
dividual age posteriors (excluding the posteriors of the total
failure cases with log(age/yr)MAP < 5), is actually fairly plau-
sible despite the described issues with the age prediction.
Even neglecting these problems, however, the large uncer-
tainties of this estimate make this outcome unsatisfactory.
The last Figure E6 exhibits the 2D histogram compar-
ing the MAP estimates for the physical parameters between
the ’NGC6397 I’ and ’NGC6397 II’ predictions, analogous
to the comparison between ’Wd2 I’ and ’Wd2 II’ presented
in Figure C5 in Appendix C. Overall the differences are
more significant than those resulting from the comparison
of ’Wd2 I’ and ’Wd2 II’. The predictions of L, Teff and g
appear to be the least affected by the change in model,
being quite close to a 1-to-1 correlation, although we find a
median relative deviation of 20% for L and 18% for g. At
a first glance the predictions of Mini and Mcurr look more
scattered around the 1-to-1 correlation, but with a median
relative deviation of about 18.6% the difference is of similar
magnitude.
This paper has been typeset from a TEX/LATEX file prepared by
the author.
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Figure C5. 2D histogram of the comparison between the MAP estimates for the physical parameters of the Westerlund 2 stars between
the two cINN models trained on ’Wd2 I’ and ’Wd2 II’, respectively. Note that the black dashed line indicates a perfect 1-to-1 correlation,
while the red dashed lines indicate the limits of the ’Wd2 II’ training set for each parameter.
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Figure C6. Histogram of the sum of the age posterior distributions of all Westerlund 2 cluster stars as predicted by the ’Wd2 II’ cINN
model. The orange line indicates a kernel density fit to this cumulative posterior distribution to determine the most likely cluster age.
The red dashed lines mark the width of the 68% confidence interval.
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Figure D1. 2D histograms of the MAP estimates plotted against the true values for all six predicted physical parameters as given by
the cINN trained on ’NGC6397 I’ for 20,000 test set observations.
Figure D2. 2D histograms of the entire predicted posteriors plotted against the true value of the six physical parameters given by the
cINN trained on ’NGC6397 I’ for 20,000 cases from the respective test set. From top left to bottom right age, Mini, Mcurr, L, Teff and g
are shown.
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Figure E1. 2D histograms of the MAP estimates plotted against the true values for the six physical parameters we predict with the
cINN trained on ’NGC6397 II’ for 20,000 cases from our test set. From top left to bottom right we show age, Mini, Mcurr, L, Teff and g.
Figure E2. 2D histograms of the entire predicted posteriors plotted against the true value of the six physical parameters provided by
the cINN trained on ’NGC6397 II’ for 20,000 cases from the respective test set. From top left to bottom right age, Mini, Mcurr, L, Teff
and g are shown.
MNRAS 000, 1–31 (2020)
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Figure E3. UV-I colour magnitude diagrams of NGC 6397, colour coded according to the MAP estimates for the six physical parameters
predicted with the cINN trained on ’NGC6397 II’. Note that the grey points are those stars for which the prediction falls outside of the
range provided by the respective colour bar of each panel.
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Figure E4. The left panel shows the predicted HRD of NGC 6397 based on the MAP estimates of log(L) and log(Teff ) by the cINN
trained on ’NGC6397 II’. Highlighted in orange are stars which we deem outliers. The right panel shows the corresponding UV-I CMD
of NGC 6397 indicating the position of these outliers in relation to the remaining observational data. The red line in both diagrams
marks a 13 Gyr isochrone, the supposed age of NGC 6397, for comparison. These two diagrams show that the outlier predictions in the
HRD are predominantly located in the CMD where the model and observational data deviate the most from each other.
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Figure E5. Histogram of the sum of the age posterior distributions of all NGC 6397 stars as predicted by the ’NGC6397 II’ cINN model.
The orange line indicates a kernel density fit to this cumulative posterior distribution to determine the most likely cluster age.
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Figure E6. 2D histogram of the comparison between the MAP estimates of the physical parameters as predicted by the cINN models
trained on ’NGC6397 I’ and ’NGC6397 II’ respectively. The black dashed line indicates a perfect 1-to-1 correlation, while the red dashed
lines mark the limits in parameter space of the training set ’NGC6397 II’.
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